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Crowdfunding has become an increasingly popular channel for entrepreneurs to raise 
funds from the crowd to support their startup projects. However, the percentage of 
crowdfunding projects that can reach their funding goals is relatively small among all 
crowdfunding websites. Although previous studies have examined various factors 
such as individual project attributes, social ties that might influence the fund-raising 
outcomes, the project pitches, as a key part of any crowdfunding proposal, have rarely 
been studied for their role in driving the crowdfunding success.   
 
In this research, we study a corpus of 1559 movie projects from Kickstarter up to the 
end of 2017. We use two natural language processing tools to mine the textual 
descriptions of projects and extract topical features and writing styles that might affect 
the outcomes of the fundraising campaigns. We find that the language used in the 
project description has surprising predictive power on the successful funding. A closer 
look at the words and writing styles shows that some general patterns are at work, 
depending on the fit between the pitch presentation and the genre of movies. For 
example, using some words related to “relativity” like “motion”, “space”, “time” could 
increase the chance of success for the action movies. While descriptive words are 
among the top predictors for the successful comedy movies, rational writing style 
might have an adverse effect. For thriller movies, social words (e.g., family, friend) 
are associated with higher likelihood of failure. Except for writing styles, topical 
features also matter. In our study, we identify both popular and outdated topics in each 
movie genres. These findings can help movie creators to use the most influential 
topical and writing features to promote their movie ideas and thus to improve the 
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Chapter 1. INTRODUCTION 
 
Research consistently reveals that small businesses has made a critical contribution to 
economic development of U.S., producing 46 percent of the private nonfarm GDP in 
2008”1. It is not simply a U.S. phenomenon. Globally, small businesses continue to 
play a critical role in boosting economic growth. For example, in China, “Mass 
entrepreneurship and innovation” is proposed as the main driver for economic growth 
in 2014, leading to a growing number of small and micro businesses. However, 
compared with average failure rate of other ventures, the failure rate among new 
ventures is significantly higher (Hall, 1993). Politis (2005) has indicated that 
“Financial problems as well as marketing problems seem consequently to be common 
reasons for the high failure rates among new ventures.” As the premise of growing and 
developing, initial and early real investment are of extreme importance for the success 
of a new venture (Schulte, 2018). The challenge new ventures face is that they often 
lack financial resources for establishing and expanding their business, which motivates 
aspiring entrepreneurs to seek and form alliance like relationships with various 
investors, venture capitalists, angel investors, family/friends and banks.  
 
Along with that, in the era of the Social Web, entrepreneurs or small enterprises have 
begun to use the assistance of crowdfunding to raise the essential capitals from the 
crowd (Yuan et al., 2016). Mollick (2014) defines crowdfunding as “the efforts by 
entrepreneurial individuals and groups using the Internet to fund their cultural, social 
and for-profit ventures, without the involvement of standard financial intermediaries”. 
Bradford (2012) distinguishes at least four types of crowdfunding: (1) Donation-based 
 
1Information from https://www.sba.gov/content/small-business-gdp-update-2002-2010 
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crowdfunding in which the backer makes a donation mainly for the purpose of 
supporting social projects for the greater good. (2) Reward-based crowdfunding in 
which the backer receives a non-monetary return (e.g., product, service) in exchange 
for their contribution. (3) Lending-based crowdfunding in which the backer 
participates in a loan to receive interest when the goal pay-off. (4) Equity-based 
crowdfunding in which the backer supports projects in a collaborative way, with the 
promise of monetary rewards from the products (Lukkarinen et al., 2016). Some equity 
crowdfunding sites like AngelList, CircleUp, Fundable, EquityNet are established for 
U.S. investors and companies. From 2018 to 2019, the transaction value of 
crowdfunding had increased from US$5319.2 million to US$6923.6 million. And the 
figure is predicted to be US$8537.3 in 20202.  
 
Among these four types of crowdfunding, the important role of reward-based 
crowdfunding in new product development has been more emphasized due to the 
following reasons. Firstly, it enables firms to test out their market by learning about 
consumer preferences and total potential demand at an early stage of product 
development (Chemla & Tinn, 2019). Secondly, it is a powerful marketing tool in 
building brand image and boosting sales (Brown et al., 2017). Thirdly, it raises funds 
directly from future consumers and offers presales of products or services in return. 
Thus, reward-based crowdfunding platforms are particularly attractive for projects that 
are more innovative, riskier and involve high investment costs and demand uncertainty 
(e.g., technology gadgets).  
 
 
2 Information available from https://www.statista.com/outlook/335/100/crowdfunding/worldwide#market-revenue 
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Kickstarter, arguably the most popular reward-based crowdfunding site, has its 
distinctive features. It is dedicated to supporting and motivating innovative and 
creative activities. And these activities involve 15 categories, ranging from arts, 
comics, illustration, design, technology, film, food, craft, games, publishing to other 
innovative fields. As of January 19, 20203, 473,136 projects had been lunched in total 
and successfully had gotten $4.74 billion. The top three categories with the largest 
number of crowdfunding projects were film & movies (73,616, 15.56%), music 
(61,590, 13.02%) and game (49,696, 10.50%). About 66.18% ($3.14 billion) of the 
$4.74 billion raised had gone to firms selling gaming products, design, and technology. 
And the category of film and movies ranked the fourth place with $ 462.55 million 
(9.76%) funding.  
 
Although seemingly promising, not all of the crowdfunding projects are able to reach 
the target goal. The failure to raise sufficient fund within a predetermined time 
becomes the main obstacle for fundraisers to acquire venture capitals from the crowds. 
Data shows that till early January 2020, the average success rate of all the 15 categories 
in Kickstarter was 37.49%. Among those 293,960 failed projects, the category of film 
and movie accounted for the largest proportion with the percentage of 15.56. Out of 
73,613 launched movie projects, only 27,598 were successfully funded. That is, the 
failure rate of crowd-funded movie projects was as high as 62.51%. To be more 
specific, among 46015 unsuccessful movie projects, 85.82% (39,490) received less 
than 20% of their funding targets4. The reason might be that potential backers are less 
likely to invest high risky movie products when the potential profitability is almost 
 
3 Information available till 13th April 2019 from https://www.kickstarter.com/help/stats?ref=global-footer 
4 Information available till 13th April 2019 from https://www.kickstarter.com/help/stats?ref=global-footer 
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unpredictable. Therefore, understanding the factors that cause both the success and 
failure of crowd-funded movie projects and identifying the effective ways to persuade 
potential backers to support the projects become extremely important to both 
academics and practitioners. 
 
When marketing capital contributions, potential backers are sensitive to potential cues 
which can help them to reduce uncertainty and also predict the success (Mollick, 2013; 
Ahlers et al., 2015). Accordingly, project creators have a propensity to strategically 
use project description as a marketing tool to influence potential backer’s investment 
decisions. Previous researchers have devoted substantial efforts to understand the 
factors that might affect the success of crowdfunding projects. Some researchers work 
on the signaling value of information, such as product-quality signals (e.g., Allison et 
al., 2017; Davis et al., 2017), project-quality signals (e.g., Bi et al., 2017; Mollick, 
2014), and creator-trustworthiness signals (e.g., Bi et al., 2017; Duarte et al., 2012; Lin 
et al., 2013; Mollick, 2014; Iyer et al., 2016). Some have examined various factors 
relevant to creator characteristics and project characteristics. For creator 
characteristics, researches have shed light on geographic distance between creators 
and backers (Mollick, 2014), profile of creators (Zvilichovasky et al., 2013), and 
creator-backer interaction (Aleksina et al., 2019; Wang, Liang & Ge, 2018). Project-
related characteristics include (1) pledging conditions of projects, such as the project 
duration (Burtch et al., 2013; Mollick, 2014), the project goal or requested amount 
(Mollick, 2014), and the contribution pattern (Kupuswamy & Bayus, 2017; Dai & 
Zhang, 2019); and (2) the display form and content of projects, such as pictures (Bi et. 
al., 2017; Mollick, 2014; Pope & Sydnor, 2011; Xu, 2018), videos (Bi et. al., 2017; 
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Mollick, 2014; Xu, 2018), and texts (Liang et al., 2019; Parhankangas & Renko, 2017; 
Xu, 2018).  
 
My research draws on the communication and linguistic literature to study what makes 
the text description of the movies more engaging for backers. Specifically, I examine 
how the topical features (what to say) and the writing styles (how to say), might 
influence the fund-raising success and how these influences vary across different 
movie genres. Previous research has shed light on the importance of communication 
content (what to say) in increasing the success rate of crowd-funded projects (Gueguen 
et al., 2011; Parhankangas & Renko, 2017). It is not clear which topics in the textual 
descriptions (such as product, firm and entrepreneur-related signals) should be 
primarily focused to enhance the success rate of crowdfunding and whether the use of 
language differs across movie genres. Moreover, the writing style (how to say) is the 
way the project creator writes, which varies from author to author, and depends upon 
lexis (e.g., word choice), syntactic (e.g. function-word usage, punctuation usage), 
structure (e.g., paragraph length) and emotional tone (Zheng et al., 2006). While 
writing styles can reflect the features and identification of project creators, they may 
also have an influence on backers’ decision making. In summary, I establish two main 
research questions to guide our research efforts: (1) What factors of project description 
affect crowdfunding success? (2) How do topical features and writing styles influence 
crowdfunding success, depending on the genre of movies? 
 
In terms of methodology for text analysis of movie projects, we adopt two natural 
language processing (NLP) tools. One is natural language toolkit (NLTK), which is 
used to extract topical features; and the other is named linguistic inquiry and word 
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count (LIWC), which is used to examine the writing and linguistic style of 1559 
crowd-funded movie projects from Kickstarter.com, up to the end of 2018.  
 
The rest of the thesis is organized as follows. In chapter 2, I review the relevant 
literature of crowdfunding, movie research, and text analysis. I compare and contrast 
our work with the previous studies to identify the research gaps in this topic. Then, 
based on grounded theory and language expectancy theory, I develop the research 
framework in chapter 3. Chapter 4 illustrates the details of the proposed methodology. 
In step one, we text-mined 1559 crowd-funded movie projects from Kickstarter.com 
to extract the topical features and examine writing styles of the project descriptions by 
using NLTK and LIWC respectively. Then in step two, we use factors extracted from 
LIWC analysis to predict the performance of crowdfunded-movie projects. Following 
that, we collect new projects which were launched from January to February 2019 to 
test the validation of the regression model. In chapter 5, we first describe the 2017 data. 
Then in the step of text analysis, we conclude the high frequency words of projects by 
using NLTK and then visualize the topical features by generating word clouds. We 
also report the text analysis results by LIWC. In the next step of prediction of funding 
performance, we develop regression models to predict the success of crowd-funded 
movie projects. The interaction effect between movie genres and the funding 
performance of projects is also included in the analysis. In the third step, we use both 
2017 and 2019 project data to conduct the validation study. Finally, we discuss the 
overall findings and apply them to analyze two real project cases. The theoretical 
contribution, managerial implications, limitations and future research directions are 
also elaborated in chapter 6.  
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Chapter 2. LITERATURE REVIEW 
2.1 Crowdfunding Research 
As the multi-sided platforms (Hagiu & Wright, 2015), online crowdfunding websites 
provide project creators with great opportunities to post their creative ideas, connect 
with potential investors and consumers, and seek capital. The success of crowdfunding 
projects is critical for creators, investors, platform operators and other interest groups 
as well. As a consequence, previous predecessors have documented substantial 
empirical investigation on what drives backer’s participants in crowdfunding 
platforms (Aleksina et al., 2019; Allison et al., 2017; Bi et al., 2017; Burtch et al., 2013; 
Chen et al., 2016; Davis et al., 2017; Duarte et al., 2012; Härkönen, 2014; Iyer et al., 
2016; Koch & Siering, 2015; Kupuswamy & Bayus, 2017; Liang et al., 2019; Lin et 
al., 2013; Mollick, 2014; Pope & Sydnor, 2011; Robiady et al., 2020; Wang et al., 
2017; Wang et al., 2018; Xu, 2018; Xiang et al., 2019; Zvilichovasky et al., 2013).  
 
In particular, previous research principally propose that backers make investment 
decisions based on project quality, product quality and creator-trustworthiness. (e.g., 
Allison et al., 2017; Mollick, 2014; Bi et al., 2017). Therefore, researchers underscore 
the signaling value of both informational and social cues. In general, signals can help 
to reduce prevailing information asymmetry (Spence, 1974) and to influence decision 
making (Connelly et al., 2010). In the context of crowdfunding, signals can reduce the 
uncertainty perceived by potential backers and thereby convince them to support or 
invest the projects. Some researchers have studied the signaling value of information 
embodied in the communication content of project description. For example, firstly, 
the product-quality signals have been discussed. For experienced backers who possess 
greater ability and motivation, relevant personal information of project creators such 
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as the educational background and historical funding experience is a benchmark for 
cautious quality assessment. (Allison et al., 2017). Whereas, for inexperienced and 
first-fund backers, product cues such as group identity adoption, personal dream 
achievement impact them more prominently (Allison et al., 2017). Besides, backer’s 
perceived product creativity can help to induce positive affective reactions towards the 
projects, both directly and indirectly (Davis et al., 2017). Secondly, regarding project-
quality signals, Mollick (2014) examines that spelling mistakes influence backer’s 
evaluation towards the project preparedness and quality. Bi et al. (2017) studied 
Zhongchou Wang, a Chinese crowdfunding website and suggested that the larger 
introduction word counts, and video counts can make people feel that the projects have 
higher quality. The third signal is creator-trustworthiness signal (i.e. the profile of 
creators, online friendship of creators). Backers pay attention to many cues to judge 
the credibility of a borrowers, such as their popularity in personal network as indicated 
by their friendship or online WOM (Bi et al., 2017; Lin et al., 2013; Mollick, 2014) or 
simply his appearance attractiveness (Duarte et al., 2012; Iyer et al., 2016).  
 
In the following part, we will elaborate the literatures on the success factors of 
crowdfunding from the perspective of creator-related characteristics and project-
related characteristics. The summary is shown in the Appendix (Table 1). 
 





2.1.1 Creator-related factors 
 
Previous researchers have examined the effect of cultural distance (Burtch et al., 2014), 
geographic distance (Mollick, 2014), historical funding experience (Zvilichovasky et 
al., 2013), creator-backer interaction (Aleksina et al., 2019; Wang et al., 2018), 
appearance attractiveness (Duarte et al., 2012; Iyer et al., 2016) and smile intensity 
(Wang, et al., 2017) etc.  
 
The information about the geographic location (i.e., country, city) of both creators and 
backers can be released in the project websites. Cultural distance can be inferred from 
the country information of the borrower. Evidences have been provided that culturally 
similarity and geographically proximity between lender and borrowers make sense 
(Burtch et al., 2014; Mollick, 2014). For example, Mollick (2014) examines the 
relation between geographic distance and the performance of crowdfunding projects, 
using more than 48,500 projects on Kickstarter.com. The author points out that 
geographic distance is positively related to crowdfunding success, especially for those 
that reflect the underlying cultural products of particular geographic areas. Besides, 
researchers have also found that experienced creators with more historical successful 
crowdfunding campaigns have more chances to succeed in subsequent projects 
(Zvilichovasky et al., 2013). Wang et al. (2018) study the creator-backer interaction 
and point out that factors like comment quantity, comment score, response length and 
responding speed can all reflect the quality of interaction between creator and backer. 
The more effective interaction with higher quality can boost the success rate of funding. 
Similarly, in the context of medical crowdfunding research, Aleksina et al. (2019) 
point out that professional contacts in social media and additional tweet or retweet 
about the projects can increase the success rate. Moreover, the appearance and smile 
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intensity of project creators in their profiles influence the project success. By using 
photographs of potential borrowers from a peer-to-peer lending site, Duarte et al. 
(2012) find that borrowers with more trustworthy appearance have higher probabilities 
of receive the loan. Wang et al. (2017) collect the data from Kickstarter and measure 
smile intensity of profile photo of each project creator. Findings show that broad (vs. 
slight) smiles increase warmth perception towards project creators, which can induce 
more social support and low-cost helping behaviors, such as Facebook shares and 
small-scale donations. Whereas, broad (vs. slight) smiles can decrease competence 
perception towards project creators, which in turn cause less backer investment in total 
amount pledged, average amount pledged per backer, and number of large-scale 
donations.  
 
2.1.2 Project-related factors 
Project-related factors include pledging conditions (e.g., project duration, requested 
amount, contribution pattern) and the way to present information (e.g., text, video, 
picture). 
 
The pledging conditions refers to all related details in the pledging process. For 
example, project duration, which is typically predetermined and indicates the degree 
of project exposure has a contradictory role in the performance of crowdfunding. The 
rule is that the success of crowdfunding depends on whether the fundraising projects 
can meet or exceed the target amount within the time prespecified by the project 
creator. While longer project duration can offer for awareness and attention-building 
and promote the project performance (Burtch et al., 2013); it also indicates that project 
creators lack enough confidence (Mollick, 2014). Moreover, longer duration makes it 
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possible for potential backers to think twice before taking actions and even forget the 
project as time passed (Härkönen, 2014). In fact, Kickstarter itself shortened its 
maximum campaign duration from 90 to 60 days in 2011, referring to the observation 
that shorter campaigns are more likely to succeed5. Basically, the overly ambitious 
project goal or requested amount can do a disservice to project success (Mollick, 
2014). In crowdfunding community, the group identification for backers is relatively 
weak because most of them are anonymous. In this case, project goals usually set up a 
shared group goal among backers. And backers will decide to pursue the shared group 
goal only when they perceive it is worthwhile. Also, contribution pattern of backers 
can influence the dynamic process of goal achievement (Kupuswamy & Bayus, 2017; 
Dai & Zhang, 2019). There is an inverted U-shape relationship between contribution 
power and its target goal. While crowdfunding contributions increase dramatically as 
the project funding approaches its target goal because backers believe that their 
contributions can make greater impacts; after the goal is attained, motivation to invest 
will decrease (Kupuswamy & Bayus, 2017). This effect will be magnified when the 
nature of the project tends to evoke consumers’ prosocial motivation and when a 
project’s creator is a single person (Dai & Zhang, 2019).  
 
By applying media richness theory, Koch and Siering (2015) examine 199,441 
crowdfunding projects on Kickstarter and find the influential role of different 
communication cues. Basically, there are three ways to present information in 
crowdfunding websites, namely, pictures (Bi et. al., 2017; Mollick, 2014; Pope & 
Sydnor, 2011; Xu, 2018), videos (Bi et. al., 2017; Mollick, 2014; Xu, 2018), and 
 
5 Information from: https://www.kickstarter.com/blog/shortening-the-maximum-project-length 
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project descriptions (Liang et al., 2019; Parhankangas & Renko, 2017; Xu, 2018). 
Koch and Siering (2015) point out that the utilization of images, the provision of video 
and the depth of the project descriptions is beneficial to the success of projects. 
 
In our research, we aim to add to the pertinent literature by understanding how the 
project descriptions influence the performance of crowdfunding projects. This focus 
on text analysis of project descriptions is important due to the fact that crowdfunding 
entrepreneurs can leverage the power of message to attract and persuade as many 
backers as possible. Certain techniques and approaches can be used to make the 
crowdfunding content more captivating so that projects can engage the emotion and 
cognition of potential backers. It guides us to consider about “how to say” and “what 
to say”, namely, the usage of language in project descriptions. Affective 
communication techniques (e.g., the enthusiasm of creators) and cognitive (e.g., 
project-quality signals) (see e.g., Mollick, 2014; Bi et al., 2017) are commonly used in 
description writing. For example, while project creators can use emotional words to 
characterize the ventures as a personal dream to shape the beliefs of potential backers 
(Allison et al., 2017); creators can also make the introduction part longer to make 
backers feel the project has higher quality (Bi et al., 2017) or mention about creator’s 
education and past experience to boost the confidence of potential backers. In addition, 
storytelling can become a compelling and effective strategy. Robiady et al. (2020) 
examine the social media campaigns launched in Kitabisa.com, one of Indonesia’s 
largest social crowdfunding platforms, to test the impact of storytelling technique 
descriptions on customer engagement and donation performance. The results show 
that compared to indirect storytelling techniques (e.g., After the surgery, Fabia had to 
increase his body weight by improving his nutrition intake), the direct storytelling 
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technique (e.g., Fabia’s father said: “I want that Fabian would soon be able to come 
home and play with his brother again”.) has a greater positive impact. 
 
Though previous studies found that the communication techniques in project 
descriptions might influence fund raising success, only shallow linguistic features (e.g., 
number of words, spelling errors, etc.) in language usage were examined. Defined as 
“the use of style words” (Parhankangas & Renko, 2017), linguistic style is derived 
from texts and encompass abstract aspects such as the emotionality expressed, 
characteristics such as the diversity of the vocabulary used (Zhou et al., 2004) or other 
information such as writer’s identity (Ludwig et al., 2013). Sample categories and 
words of linguistic style are personal pronouns (e.g., I, we, you), impersonal pronouns 
(e.g., another, everyone, anything), articles (e.g., a, an, the), prepositions (e.g., about, 
as, by), auxiliary verbs (e.g., do, must, shall), conjunctions (e.g., also, and, because), 
negations (e.g., cannot, no, nothing), common verbs (run, borrow, return), common 
adjectives (e.g., happy, wide, beautiful), quantifiers (e.g., all, both, few) and so on. 
 
According to Linguistic Style Matching (LSM) model (Niederhoffer & Pennebaker, 
2002), individuals adjust their own speaking behaviors or styles to match their 
partner’s behaviors in interpersonal communication. Similarly, studies show that the 
language used should match the features of crowdfunding projects. For example, based 
on the language expectancy theory (Burgoon & Miller, 1985; Burgoon et al., 2002), 
Parhankangas and Renko (2017) compare the differences of linguistic style (the usage 
of style words) of crowdfunding pitches between the project launched by an emerging 
category of new ventures (social entrepreneurs) and the project launched by an 
entrenched category (commercial entrepreneurs). They study how such a style relates 
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to the success in raising funds by utilizing DICTION software and LIWC (Linguistic 
Inquiry and Word Count) software packages to test 656 commercial and social 
campaigns on Kickstarter.com. The findings suggest that concrete (operationalized as 
a sum of number of articles, prepositions and quantifiers), precise (measured as the 
number of different words in a passage divided by the passage’s total words) and 
interactive communication style (operationalized as the use of questions in pitches) 
can make the campaigns and their founders more understandable and relatable to the 
crowd, boosting the success of crowdfunding projects launched by social 
entrepreneurs. Whereas, these effects do not work for commercial campaigns. This 
study inspires us that linguistic style might matter in the performance of crowd-funded 
projects and the influence varies from different movie genres. In our study, we begin 
to test the assumption by examining the linguistic style of crowd-funded movie 
projects. More specifically, we will examine the writing style (how to say) and topical 
features (what to say) under the umbrella of linguistic styles. 
 
The writing style reflected by message is the way the project creator writes, which 
varies from author to author, and depends upon lexis (e.g., word choice), syntactic (e.g. 
function-word usage, punctuation usage), structure (e.g., paragraph length) and 
emotional tone (Zheng et al., 2006). While writing styles can reflect the features and 
identification of project creators, they may also have an influence on backers’ decision 
making. For example, studies prove that emotions expressed and elicited by message 
can affect information processing; and as a consequence, selecting appropriate 
emotional appeal mode in marketing is crucial (Holmes & Crocker, 1987). Most early 
research focused on the role of valanced affective states (e.g., positive versus negative 
mood) in donation intent, but there is no congruent conclusion about their effects. 
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While Fisher et al. (2008) found that in fund-raising context, the appeals which evoke 
negative emotions are the most effective; Anglin et al. (2018) held the different 
opinion that the usage of positive psychological capital language are more beneficial. 
Later, the subsequent research has begun to examine the role of specifically defined 
emotional appeal in marketing, such as fear appeal (e.g., Sternthal & Craig, 1974), 
guilt appeal (e.g., Agrawal & Duhachek, 2010; Chen et al.,2016; Singh, Crisafulli & 
Quamina, 2019), humor appeal (e.g., Weinberger & Gulas, 1992) and so on. By 
comparing the effect of guilt appeal and nostalgia appeal on donation intent in 
Kickstarter.com, Chen et al. (2016) point out that the guilt appeal in project 
descriptions is the most compelling and effective appeal means of generating 
donations (the percentage of funding goal). Emotional as well as rational approach to 
convey the message is essential to achieve the funding goal (Allision et al., 2017). 
However, entrepreneurs must strategically determine what approach suits them better 
(Xiang et al., 2019). For audiences with different identity, the role of appeals varies. 
Objective data from a crowdfunding website reveal that compared to investment 
backers, consumer backers can be more easily persuaded by the rational and 
informational appeals. Whereas, compared to consumer backers, investors are more 
sensitive to emotional appeal. In our study, crowd-funded movies have numerous 
categories with various features. Little is known about whether these emotional 
appeals have the same influential pattern in the context of crowd-funded movie 
projects.  
 
Different from other projects in crowdfunding websites, the movie projects not only 
introduce the creation background, the team and the goal of the projects but also tell 
the stories about the movie in the description part. Each type of movie has its own 
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distinctive features. While comedy has amusing and satirical in its tone, thrillers 
usually use words which can induce the feelings of excitement, anxiety, tension, 
suspense, fear and other similar emotions in its readers or views. We propose that 
because in some cases, the emotional tone of movie plots may be inconsistent with the 
tone of other parts of project descriptions, the influence of emotional tone in crowd-
funded movie projects can be complex, depending on different movie genres. 
 
Moreover, previous research has shed light on the role of communication content 
(what to say) in increasing the success rate of crowd-funded projects. For example, 
Gueguen et al. (2011) have examined that the word usage like “love” can boost the 
project success. Parhankangas and Renko (2017) suggest that commercial 
entrepreneurs can primarily focus more on product, or firm and entrepreneur-related 
signals in their textual descriptions. While some studies emphasize the importance of 
the project description, believing that backers can be motivated by the project content, 
one recent published paper (Liang et al., 2019) point out that for some entertainment 
projects which are experienced-oriented, the information provided in the project 
description may not play a significant role in influencing investment intention. In our 
study, we also explore how the role of topical features varies for crowdfunding 
campaigns with different movie genres. 
 
2.2 Movies research  
Movies products have their own special characteristics. They are both artistic carriers 
and cultural commodities which have economic value. Basically, the movie industry 
has the following three characteristics. First, the cost to produce the premiere movie 
including script writing and filming is relatively high; but the marginal cost of 
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reproduction will be relatively low (Meza, 2007). Second, the content of movie can be 
shared widely and quickly, especially in the internet era. Thus, film leak and Internet-
based piracy can happen before the film is released or in the process of being released. 
To buffer the negative influence caused by the problem, it is necessary and typical to 
create artificial scarcities by adopting some technical means like Digital Rights 
Management or other legal means like copyright legislation (Mcdonald & Wasko, 
2008; Danaher & Smith, 2014). Third, “there are a thousand hamlets in a thousand 
people’s eyes”. The subjective experience of consumer is diverse, so the subjective 
value of movie content is also different (Meza, 2007; Schulze, 2005). 
 
A comprehensive knowledge about filmmaking can help us to better understand the 
influential role of each factors. In this part, we divide our literature into three aspects 
according to different stages of the value chain for movie industry. Namely, stage of 
production (Bae & Kim, 2019; Eliashberg et al. 2007, 2014), stage of distribution 
(Chakravarty et al., 2010; Chen et al., 2012) and stage of exhibition (Basuroy et al., 
2003; Boatwright et al., 2007; Dellarocas et al., 2007; Duan & Whinston, 2008; Liu, 
2006; Liu et al., 2014; Peng et al., 2019; Reinsteinn & Snyder 2005; Shugan & 
Eliashberg, 1997; Tian et al., 2019)6. Production involves story or idea generation, 
screenplay writing, financing, cast and crew recruiting, shooting, editing and other 
additional work. The expense at this stage is the highest among all stages. Next, in the 
stage of distribution7, professional film distributor determines the release time and 
channels (i.e., theater, television or personal home player). Usually, film distribution 

















Chapter 3. RESERACH FRAMEWORK  
 
In our study, we adopt a grounded theory approach to analyze what to say and how to 
say in the project description; and then develop a research framework for further 
testing and verification. In particular, we address the following research questions: (1) 
What factors of project description affect crowdfunding success? (2) How do topical 
features and writing styles influence crowdfunding success, depending on the genre of 
movies? 
 
3.1 Language expectancy theory 
Potential backers’ expectations about what the project creators might or might not say 
in persuasive discourse play a role in their decision making. Language expectancy 
theory (LET) suggests that individuals develop expectations and preferences 
concerning appropriate language styles employed by others and themselves (Burgoon, 
1995; Burgoon & Miller, 1985; Burgoon et al., 2002). LET focuses on how writing 
styles such as lexis, syntactic, structure and emotional tone, positively or negatively 
violate the receivers’ expectations (Averbeck, 2010). If communicators are initially 
perceived negatively but then perform more positive actual behaviors than anticipated; 
receivers will have a greater attitude change and the message will be more persuasive. 
However, the failure to meet the expectations will result in an opposite effect (Burgoon, 
1995). 
 
No matter for audiences or potential backers, they do have shared expectations about 
what a successful and attractive movie should be. In our study, crowd-funded movies 
have many categories with distinctive features. While comedy has amusing and 
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satirical in its tone, thrillers usually use words which can induce the feelings of 
excitement, anxiety, tension, suspense, fear and other similar emotions in its readers. 
Audiences may prefer the comedy to have a dramatic and happy ending rather than a 
straightforward or sad ending. According to communication accommodation theory 
(CAT) (Giles & Smith, 1979), when interacting with others, people will adjust their 
verbal and non-verbal communication (voice, speech, gestures, etc.) to adapt to the 
social expectations of the dialogue (Giles & Smith, 1979). Based on LET and CAT, 
we claim that in order to succeed, the language used in crowdfunding movie projects 
should match their movie features so that the projects can meet the expectations of 
their target audience. 
 
3.2 Movie genre 
According to prior research, consumers rate a movie’s genre as the most important, 
and probably the first factor they consider in deciding to see specific movies (Austin 
& Gordon, 1987; De Silva, 1998). People attending movies bring various expectations 
with them, including certain attributes associated with the genre of a film. These 
expectations may lead consumers to generate specific preferences about each genre. 
Surprisingly, very little research on film genres (e.g., thriller, comedy, or drama) has 
been conducted in marketing, and the limited research that exists has treated genre 
only as a control variable (e.g., Neelamegham & Chintagunta, 1999; Dellarocas et al., 
2007; Chakravarty et al., 2010).  
 
In general, movies can be classified into multiple genres such as action, adventure, 
animation, biography, comedy, crime, documentary, drama and horror etc. Movie 
genres, similar to genres in other cultural products, vary in their popularity or appeal 
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to consumers (Dominick, 1987; Litman & Ahn, 1998). Sochay (1994) point out that 
compared with art, sci-fi, foreign and action genres, the genres of drama and comedy 
win much more popularity among moviegoers and thus are more familiar to them.  
 
Moreover, consumers are likely to have stored more information and knowledge about 
familiar genre movies in their memories than about less familiar genre movies (Desai 
& Basuroy, 2005), which may impact how much they are willing to rely on other 
information to make their funded decisions. When potential backers have lower level 
of knowledge about a specific movie genre, they will feel more unfamiliar with this 
genre and thereby construe them more abstractly than those that they are more familiar 
with. Such abstract levels of thought introduce more ambiguity and more risk and 
therefore may induce lower levels of trust in comparison with situations marked by 
less psychological distance (Edward et al., 2009). That is, for those unfamiliar movie 
genre, potential backers will generate higher psychological distance and higher 
perceived uncertainty which is not conducive to the success of crowdfunded movie 
project.  
 
Frijda (1988; 1992) finds that increased emotional intensity is naturally associated 
with reduced objective distance: Events that are objectively closer are typically more 
emotionally intense. If the phenomenology associated with objective distance 
influences perceived psychological distance, the natural association between 
emotional intensity and objective distance implies that when people feel emotionally 
intense about an event, they should perceive that event as less psychologically distant 
compared with when people feel less intense about that event. Based on this fact, 
Boven et al. (2010) examine that emotional intensity can reduce perceived 
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psychological distance. People who described events emotionally rather than neutrally 
perceived those events as less psychologically distant, including embarrassing 
moments, positive and negative events, and a national tragedy.   
 
Study shows that language can reliably evoke emotion when people read or listen 
(Havas et al., 2010; Mohammad & Turney, 2010). Several psychology theories 
propose basic human emotions from multiple dimensions (e.g., Ekman, 1992; Parrot, 
2001; Arnold & Plutchik, 1964). The well founded one is Plutchik (1994)’s emotional 
wheel with eight emotional perspectives, namely sadness-joy, fear-anger, disgust-trust, 
and surprise-anticipation.  
 
In our study, we assume that movie genre as a moderator variable will influence the 
relation between the project descriptions of crowdfunded movies and the success of 
project. Here, our classification standard is based on the familiarity of specific movies. 
We classify action, documentary, experimental, science fiction into movies genre with 
low familiarity, and animation, comedy, drama, family, fantasy, romance into movie 
genre with high familiarity. As we have discussed above, in the context of movie genre 
with low familiarity, potential backers will generate higher psychological distance and 
have higher perceived risk which will have an adverse effect on the success rate of 
crowdfunded movie project. As emotional intensity can reduce perceived 
psychological distance, we assume that for those unfamiliar movie genres, creators can 
use an emotional topical feature and writing style in the part of project introduction to 
arouse potential backer’s emotion so as to reduce perceived risk about the project.  
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3.3 What to say  
 
Basically speaking, effective communications are informative, truthful and relevant to 
the topic (Grice, 1975). Project description plays an important role in persuading 
potential backers to invest. Unlike equity investors, backers on donation and reward-
based crowdfunding platforms are not primarily motivated by return on their 
investment. Instead, their major goal is to “help” bringing innovative products to the 
market (McCracken, 2012; Ordanini et al., 2011) and potentially receive a product 
reward (Kuppuswamy & Bayus, 2013) or bring about social good (Parhankangas & 
Renko, 2017). In the context of crowd-funded movie projects, when backers make 
decisions about whether to invest or not, they also need to consider about the likelihood 
of potential failure. For example, projects may be delayed or terminated; fail to reach 
the expected goals; lack of technical support; or project creators cannot fulfill promises 
like offering reward. Therefore, it is critical for creators to convince potential backers 
that they have the ability and motivation to fulfill what they have promised.  
 
Besides, project descriptions should effectively convey these messages so that they 
can attract potential backers. For the movie project itself, script (Eliashberg et al., 2007; 
2014), star (Basuroy et al., 2003; Desai & Basuroy, 2005; Liu et al., 2014; Liu et al., 
2015; Sawheny & Eliashberg, 1996), director, movie posters (Zhou et al., 2019), 
movie title (Bae & Kim, 2019), movie genre (Austin & Gordon, 1987; Dellarocas et 
al., 2007; Desai & Basuroy, 2005; Sawheny & Eliashberg, 1996), technology and other 
factors can have a certain effect on both the project success and following box office 
revenue. For different movie genres, the focal factors stressed by potential backers 
may be different. For example, for science fiction, potential backers may care more 
about whether the creator has advanced technology to support the movie production. 
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For romantic movie, impressive storyline and good-looking actors may attract more 
attention from the potential backers. In this case, the content of project description 
plays an important role to convince and persuade potential backers to invest.  
 
3.4 How to say 
Past research makes a clear distinction between language style and content (Ireland & 
Pennebaker, 2010). Despite communicating the same content, using different language 
style could cause vastly different interpretations. Previous research in psychoanalysis, 
sociolinguistics, cognitive linguistics, narrative and discourse analysis and 
communication research suggests that the use of style words is indicative of people’s 
attentional focus, emotionality, social relationships, thinking styles and personal 
characteristics (Abe, 2011; Pennebaker, 2011; Pennebaker et al., 2003). Since in an 
online crowdfunding setting, project creators and potential backer may not know each 
other, linguistic style matching (LSM) serve as an important criterion to qualify the 
source of a message. Therefore, creators of crowd-funded movie projects can utilize 
various writing style (how something is said) to polish the content, highlight the genre 
features, activate potential backers’ expectations, strengthen their preferences for 
different genres of movie and finally improve the success rate of crowdfunding. 
 
LSM mainly focus on investigating the individual’s use of functional words in spoken 
or written language (Tausczik & Pennebaker, 2010). High LSM stimulates individuals 
in a community to form common social identity and reduce social distance in 
communication (Chung & Pennebaker, 2007). Therefore, we argue that the greater 
matching of writing style (e.g., LSM) between movie genre features and project 
description indicate the convergence, which will positively impact potential backer’s 
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attitudes towards the project. In our study, we use LIWC to calculate function words 
which are divided into seven main categories, such as pronouns, articles, prepositions, 
auxiliary verbs, common adverbs, conjunctions, and negations. 
 
3.5 Research framework 
 
(Insert Figure 1 about here) 
 
Research framework is presented in Figure 1. Based on previous literature, we identify 
several factors that might influence the success of crowd-funded movie projects. 
Namely topical features (what to say) and writing style (how to say). To be more 
specific, topic features in the movie context may refer to movie genre, plot, team, 
reward system, updates etc. In terms of writing style (how to say), it is the way the 
project creator writes, which varies from author to author, and depends upon lexis (e.g., 
word choice), syntactic (e.g. function-word usage, punctuation usage), structure (e.g., 
paragraph length) and emotional tone (Zheng et al., 2006). Besides, we set other 
factors like the number of videos, project duration, requested amount, word count and 
movie genre as control factors. Moreover, we anticipate certain topical features and 
writing styles have differential influences on the success of crowd-funded movies, 
depending on the genre of movies. When potential backers read the description of a 
movie project, they may bring various expectations with them, including certain 
attributes associated with the specific genre. These expectations may in turn create 
genre preference among potential backers and affect funding choices. 
We will adopt the grounded theory approach for the data analysis, as our research will 
involve the development of a theoretical framework through the data (Fischer and 
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Otnes 2007). Grounded theory is a general research method that enables researchers 
to seek and conceptualize emerging patterns and structures in data through the process 
of constant comparison. Data collected can be quantitative or qualitative data of any 
type e.g., videos, images, text, observations, and spoken words. An inductive approach 
will initially be used to generate substantive codes from the data (e.g., mining aspects 
and sentiments from the text). Later, the developing theory (e.g., using regression 
analysis to identify the drivers of consumer adoption, purchase and satisfaction) will 
suggest where to the next data source and which more-focused questions should be 
asked (e.g., to validate the results using a survey or new data), which is the deductive 
phase of the grounded theory process.  
 
Figure 1 presents our research framework and highlights its major issues. A study 
using grounded theory is likely to begin with a question rather than a theory or 
hypothesis. In our study, we adopt this research method by collecting the data of movie 
projects from Kickstarter.com firstly and then conducting an inductive analysis to 
formulate hypotheses based on the findings. In step one, we use two tools of natural 
language processing (NLP) to extract useful and meaningful information from 
unstructured text to identify consumer adoption of new venture ideas. One is natural 
language toolkit (NLTK), a leading platform for building Python programs which can 
be used to extract topic features. We first use NLTK to count high frequency words 
and then utilize word cloud generator to realize data visualizations. The other tool of 
NLP is linguistic inquiry and word count (LIWC) which can be used to investigate the 
relation between word use and psychological variables (e.g., emotion, perception) and 
the relation between word use and linguistic dimensions. In step two, we build 
regression models to predict the performance of crowd-funded movie projects. Here, 
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the performance of projects is measured by the project status (success or failure) and 
the average amount funded by each backer. In the last step, we not only select projects 
randomly from the current 2017 dataset, but also collect the data from 2019 movie 
projects to do the validation study.  
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Chapter 4. METHODOLOGY 
4.1 Research setting 
Kickstarter is one of the oldest, largest and most dominant reward-based crowdfunding 
platforms in the US. (Mollick, 2014). Till early April 2019, Kickstarter has several 
million community members who have combined to pledge $4.23 billion to fund more 
than 161,427 creative ideas in 13 categories like art, music, film and video, games, 
design, and technology. It provides “All-or-Nothing” support, where project creators 
set a funding goal and receive the donations only if the goal is reached. Kickstarter 
uses the reward-based model, where project backers receive no financial returns for 
their monetary contributions but instead receive a reward for backing a project 
(Mollick, 2014). The reward can be the copies of the real thing (e.g., CD, DVD, book, 
postcard, souvenirs etc.), creative collaborations (e.g., a backer might appear as a hero 
in the comic), unique experiences (e.g., a visit to the film set), or a token of mementos 
(e.g., explicit thanks in the closing credits of the movie) (Kuppuswamy & Bayus, 
2017).  
 
To start a project, creator posts the related information like the project title, requested 
amount, the funding duration, the reward system and the project purpose on 
crowdfunding websites. Meanwhile, the creator discloses his personal information like 
resident city, nationality, previous funding and fundraising history. When potential 
backers explore a project in progress, they can not only get the information initially 
posted by the creator but also know about the dynamic project information like the 
amount of money that has been funded, the number of backers that has funded the 
project, the remaining days before the expiration date etc. Among this information, the 
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project description which is mainly composed of text, pictures and videos occupies the 
majority of the project website.  
 
While research in crowdfunding has recently gained attention, little is known how the 
words/phrases and writing styles used in project pitches affect the successful funding 




Grounded theory approach is widely used to address four distinct questions in 
marketing and consumer behavior research. Namely, questions are about (1) the nature 
of a new construct; (2) the adequacy of prior conceptualizations of a relatively well-
established construct; (3) previously unrecognized facilitators or implications of a 
construct and (4) the adequacy of prior conceptualizations of facilitators or 
implications of a construct (Fischer & Otnes, 2007). We adopt the grounded theory 
approach, as the study involves the development of a theoretical framework through 
the analysis of quantitative data. Our two guiding questions are (1) What factors of 
project description affect crowdfunding success? (2) How do topical features and 
writing styles influence crowdfunding success, depending on the genre of movies? 
And they fall into the first category of the research questions that the grounded theory 





4.2.1 Step 1: Text mining of movie project information  
 
Text mining is an appropriate method for achieving our research objectives because 
we want to comprehensively explore and understand the meanings of project 
description. We apply two natural language processing tools along with a suite of text 
processing libraries for tokenization, cleaning, removing stop word and stemming to 
extract useful and meaningful information from the project description text and 
identify the features of attributes. The data processing step is visualized in Figure 2. 
To be more specifically, in order to figure out topical features, we use natural language 
toolkit (NLTK) in Python to extract high-frequency words in successful and 
unsuccessful movies based on different movie genres. In order to understanding the 
writing styles, we adopt linguistic inquiry and word count (LIWC) to analyze texts. 
 
Data Processing of project description text  
Tokenization. First, we break up a sequence of texts (e.g., sentences) into words called 
tokens by filtering out all meaningless symbols which are not relate to the content of 
the description text. But different from other studies, we remain all punctuation marks 
(e.g., commas and semicolons) in LIWC analysis because we believe that punctuation 
may increase the readability of project. Then we transform all of the letters into 
lowercase. After that, each project description is tokenized with non-letter separator. 
 
Cleaning. HTML tags and contextual information such as videos and images, are 
cleaned or removed from the data set. And contractions such as “isn’t” and “don’t” 
need to be expanded at this step. 
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Stop word Removal. When our research objective is to extract topical features, NLTK 
can identify the most commonly used words (e.g., “a”, “an”, “the”, “on”, “that”) that 
do not provide much information to the description text. Although these words are 
semantically related, if not removed they may increase the remove stop words from 
the set of tokens according to known stop word lists. Besides, when we are interested 
in extracting writing style, we retain these stop words for our LIWC analysis because 
in this case stop words can be very informative (Pennebaker, 2011). Moreover, for 
both research objectives, we add “Kickstarter”, “movie”, “film” as common words that 
are specific to our research domain to the stop word list.  
 
Stemming. Lastly, to extract topical features, we identify similar stemmed words from 
a pool of tokens. Words with similar meaning may vary in term of grammatical forms 
or spellings (e.g., smile and smiled; cat and cats). We reduce modulated words into 
their root forms or word stems to prevent semantic duplication (e.g., fished, fisher, and 
fishing are converted to fish). We implement porter stemmer to remove the lexical 
components and transform the tokens into their basic forms, or roots (Porter, 1980). 
However, when the goal of the text analysis is to extract the writing style, we skip the 
stemming step, because stemming often masks the tense used.  
 
Feature Transformation and Weighting  
From the word stems, we represent pro as bag of words so that unstructured review 
texts can be converted in the form of structured vector space. We apply the Term 
Frequency-Inverse Document Frequency (TF12-IDF) transformation so that words are 
given weight, the measure of TF-IDF relevance. The more project descriptions a word 
appears in, the less valuable that word is as a signal. This approach leaves only the 
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frequent and distinctive words as features. In case of the term frequency (tf), which is 
used to determine the number of times the term occurs, we apply the double 
normalization K to prevent a bias toward longer project description. In case of the 
inverse document frequency (idf), which gives the measure of how much information 
the term provides, we apply the logarithmically scaled fraction. 
 
Dimensionality Reduction  
We apply singular value decomposition method on the TF-IDF weighted term matrix 




Where M represents the TF-IDF weighted matrix, U denotes the description × factor 
matrix, Σ is the singular value matrix, and V is the term × factor matrix. We will 
remain the factors with eigenvalues greater than two. We will show the term-by-
factor with the highest factor loadings (in terms of magnitude) for 10-factor results 
(supposed). We then compute the factor scores for each component. 
 
(Insert Figure 2 about here) 
 
4.2.2 Step 2: Developing regression models based on text mining  
We employ a logistic regression model to predict the success of crowd-funded movie 
projects. We include all 1559 success dummies along with textual contents 
(summarized as factor scores) as the determinants, controlling other Kickstarter 
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variables as potential predictors of funding. These variables are not just specific to 
Kickstarter. Most crowdfunding platforms allow the project creators to mention their 
funding goals, timeline by which they plan to achieve their goal, etc. We control for 
these variables by adding them into the model as well. We also use “the average 
amount funded by each backer” as an alternative dependent variable.  
 
4.2.3 Step 3: Validation studies 
We have done a couple of validation studies to verify our empirical results. We select 
projects randomly from the current 2017 dataset. We also collect the data of 412 movie 
projects from January to February 2019 to do the verification check. By bringing the 




Chapter 5. EMPIRICAL STUDY 
5.1 Data descriptions 
We collect 1559 projects from Kickstarter, which were launched in the Unites States 
from January 2017 to December 2017 and belong to the “Film” category. Among these 
projects, 808 failed, 621 succeeded, 126 were canceled and 4 were suspended. In our 
study, the success of crowdfunded movie refers to that the fundraising movie project 
can meet or exceed the target amount within the creator’s predetermined timeframe. 
Therefore, we determine that in our dataset, 621 projects were successful and the rest 
of 938 (808+126+4) were unsuccessful. The success rate is 39.8%.  
 
In addition to the project outcome, we also collect all available project-related 
information, such as the movie genre, creator name, project name, the date of launch, 
the end date of project, the number of project backers, the requested amount, the 
funded amount, the number of videos, the length of project introduction and so on. We 
provide the definitions of all variables in Table 4.  
 
(Insert Table 4 about here) 
 
To better understand our data, we break down the entire sample into two groups; 
namely successful projects and unsuccessful projects and compare their description 
statistics. Table 4 reports the summary of descriptive statistics for the whole sample 
and both two project groups. 
 
The average fundraising cycle is 33 days (SD = 12.249), and those projects with higher 
viability tend to have shorter success (29 vs 35 days). On average, the movie projects 
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receive funds ($6981.238; SD = 25198.741) much lower than they pledged ($234771.9; 
SD = 3765693.600). Successful projects tend to receive more contributions 
($15826.03; SD = 37774.996) than the amount they request ($11949.89; SD = 
22186.005), while those unsuccessful projects usually set a higher target ($382290.6; 
SD = 4850110.661) but fail to receive the expected contributions ($1123.39; SD = 
5041.649). Besides, we calculate the number of characters in the description part as a 
measure of message length. The average number of characters is 3094.7 (SD = 
3220.797). Successful projects tend to have longer length of project description 
(4282.09; SD = 3522.982) than unsuccessful projects (2308.9; SD = 2735.535). On 
average, only 21.9% projects do not use video as a tool to introduce the project in the 
website. Of the 621 successful movie projects, 65 (10.47%) projects do not use video 
and the remaining 556 (89.53%) use it. But the video usage rate of unsuccessful movie 
projects is comparatively lower with the figure of 70.58%. 
 
(Insert Table 5 about here) 
 
There are 19 types of movie projects on Kickstarter. In our dataset, we examine14 
types and exclude the genres of documentary, experimental, fantasy, festivals and 
shorts because of the missing data. The “Comedy” accounted for the largest share 
(23.4%), followed by “Drama” (13.5%) and “Horror” (10%). In terms of the success 
rate, we observe that while “narrative film” and “web series” have the highest chance 
to succeed, “family” and “television” are not optimistic; they had achieved a success 
rate of only 11.11 percent and 18.84 percent respectively. We report the detailed 
success rates for each genre in Table 6. 
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(Insert Table 6 about here) 
 
5.2 Step 1: Text analysis  
We adopt two tools of natural language processing (NLP) to extract useful and 
meaningful information from project description. We use natural language toolkit 
(NLTK), a leading platform for building Python programs to extract topic features and 
linguistic inquiry and word count (LIWC) to investigate the relation between word use 
and psychological variables (e.g., emotion, perception) and the relation between word 
use and linguistic dimensions.  
 
5.2.1 Extracting topical features 
Python NLTK provides over 50 corpora and lexical resources such as WordNet along 
with a suite of text processing libraries for tokenization, cleaning, stop word removal, 
stemming / lemmatization and tagging. After preprocessing the data, we use Python 
NLTK to calculate and rank the frequency of each word. In addition, the topical 
features of successful and unsuccessful crowdfunded movie projects are compared 
based on both general samples and different movie genres. Then, we use word cloud, 
a casual but more understandable way to visualize the data and highlight the relative 
frequency of words. 
 
5.2.1.1 Output from NLTK  
We identify top 100 high frequency words in all 1559 movie projects first. Words like 
“film” (N = 7811), “story” (N = 2079), “produce” (N = 1804), “time” (N = 1679), 
“short” (N = 1507), “movie” (N = 1399), “create” (N = 1388), “love” (N = 1387), 
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“video” (N = 1381), “people” (N = 1322) and “fund” (N = 1275) appear most 
frequently. We list the roots of words in Table 7.  
 
(Insert Table 7 about here) 
 
Comparison between successful and unsuccessful movie projects 
Among 1559 movie projects, 621 projects (39.8%) were successful and the remaining 
938 project (60.2%) were unsuccessful. In successful movie projects, the top 10 high 
frequency words are “festival” (N = 728), “director” (N = 705), “art” (N = 599), 
“kickstarter” (N = 597), “design” (N = 563), “reward” (N = 539), “campaign” (N = 
419), “filmmake” (N = 402), “cost” (N = 382) and “direct” (N = 374). Figure 3 displays 
the word cloud of high frequency words in successful movie projects and the words 
are shown in different front sizes based on their respective frequencies. To make the 
data presentation more accurate, we list the top 100 high frequency words with their 
frequency in Table 8.  
 
(Insert Figure 3 about here) 
 
(Insert Table 8 about here) 
 
In unsuccessful movie projects, the top 10 high frequency words are “facebook” (N = 
427), “start” (N = 416), “family” (N = 359), “hope” (N = 340), “tv” (N = 297), “base” 




(Insert Figure 4 about here) 
 
(Insert Table 9 about here) 
 
In next step, we compare topical features based on movie types. We select four movie 
genres whose sample size is greater than 50, namely animation, comedy, drama and 
horror.  
 
Comparison between successful and unsuccessful animation movie projects 
Among 143 animation movie projects, 54 succeed, 89 failed. The success rate is 
37.76%. For successful animation movie projects, the top 10 high frequency words are 
“kickstarter” (N = 103), “love” (N = 97), “art” (N = 95), “design” (N = 89), “backer” 
(N = 69), “director” (N = 65), “scene” (N = 64), “campaign” (N = 64), “dog” (N =62) 
and “origin” (N =60). We further investigate some detailed words related to animation 
specifically, results show that words like “dog” (N = 62), “pilgrim” (N = 58), “festival” 
(N = 46), “tohoku” (north-east region in Japan) (N = 45), “tv” (N = 44), “game” (N=44), 
“song” (N =37), “cartoon” (N = 36), “zunko” (a character originally created to help 
promote the recovery of the Tohoku region) (N =31), “pocket” (N = 25) and “chueh” 
(N = 25), etc. have relatively high frequency in successful animation movie projects. 
We generate the word cloud in Figure 5 and list the top 100 high frequency words in 
successful animation movie projects in Table 10.  
 
(Insert Figure 5 about here) 
 
(Insert Table 10 about here) 
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For unsuccessful animation movie projects, these words appear most frequently: 
“studio” (N = 62), “people” (N = 58), “coffee” (N = 55), “book” (N = 38), “final” (N 
= 38), “start” (N = 36), “friend” (N = 35), “base” (N =35), “soundplay” (N = 34), and 
“browser” (N = 34). Besides, unsuccessful projects mention about topics like “kid” (N 
= 34), “cyberboy” (N = 32), “school” (N =31), “pilot” (N = 30), children (N =25), and 
“puppet” (N = 20) more often. The words are visualized in Figure 6 and listed in Table 
11. 
 
(Insert Figure 6 about here) 
 
(Insert Table 11 about here) 
 
Comparison between successful and unsuccessful comedy movie projects 
Among 365 comedy movie projects, 157 succeed, 208 failed. The success rate is 
43.01%. For successful comedy movie projects, the top 10 high frequency words are 
“festival” (N =160), “kickstarter” (N = 128), “perform” (N = 128), “theater” (N = 119), 
“reward” (N = 116), “director” (N =116), “improve” (N = 107), “design” (N = 92), 
“school” (N = 91) and “writer” (N = 80). The popular topics are “universe” (N = 79), 
“space” (N = 66), “base” (N = 66), “season” (N = 64), “york” (N = 64), “light” (N = 
58), “event” (N = 57), “student” (N = 55), “demon” (N = 55), “hunter” (N = 54), “ship” 
(N = 50), “adventure” (N = 46), “angel” (N = 44), and “hollywood” (N = 36). 
 
 (Insert Figure 7 about here) 
 
(Insert Table 12 about here) 
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For unsuccessful comedy movie projects, the top 10 high frequency words are “bring” 
(N = 77), “start” (N =74), “idea” (N =64), “episode” (N = 63), “pay” (N =57), “script” 
(N = 57), “comedian” (N =53), “women” (N = 51), “plan” (N =50) and “share” (N = 
49). These unsuccessful comedy projects mention more about some nouns like “comic” 
(N = 46), “guy” (N =42), “night” (N =42) and “job” (N = 38). However, compared to 
successful comedy projects, unsuccessful projects use adjectives like “amazing” (N = 
25 vs. N = 57), “hilarious” (N = 18 vs. N =31) and humor (N = 38 vs. N =42) less 
frequently.  
 
(Insert Figure 8 about here) 
 
(Insert Table 13 about here) 
 
Comparison between successful and unsuccessful drama movie projects 
Among 210 drama movie projects, 70 succeed, 140 failed. So, the success rate is 
33.33%. For successful drama movie projects, the top 10 high frequency words are 
“festival” (N = 101), “director” (N = 100), “crew” (N = 83), “art” (N = 74), “feel” (N 
= 69), “design” (N = 54), “music” (N = 53), “sound” (N = 51), “scene” (N = 45) and 
“passion” (N = 45). For unsuccessful drama movie projects, the top 10 high frequency 
words are “feature” (N = 75), “bring” (N =67), “start” (N = 61), “dream” (N = 56), 
“script” (N = 52), “commune” (N = 52), “write” (N = 48), “budget” (N = 47), 
“facebook” (N = 45), “series” (N = 44).   
 
While successful drama projects tend to mention more about issues like “director” (N 
= 100 vs. N = 48), crew (N = 83 vs. N = 51), music (N = 53 vs. N = 40), scene (N = 
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45, vs. 14), “photography” (N = 35, vs. N = 4) and “media” (N = 36 vs. N = 28), 
unsuccessful drama projects care more about “script” (N = 52 vs. N = 32), “budget” 
(N = 47 vs. 29) and “role” (N = 34 vs. 25).  
 
(Insert Figure 9 about here) 
 
(Insert Table 14 about here) 
 
(Insert Figure 10 about here) 
 
(Insert Table 15 about here) 
 
Comparison between successful and unsuccessful horror movie projects 
The sample size of horror movie projects is 156. Among them, 59 are successful, 97 
are unsuccessful, so the success rate is 37.82%. For successful horror movie projects, 
the top 10 high frequency words are “festival” (N = 90), “include” (N = 76), “goal” (N 
=62), “artist” (N = 60), “prop” (N = 45), “people” (N = 40), “cool” (N = 39), “makeup” 
(N = 39), “play” (N =38) and “ghost” (N = 38). The popular themes of successful 
horror projects are “ghost” (N = 38), “zombie” (N = 32), “blood” (N = 31), “lovecraft” 
(N = 29), “fan” (N = 29), “nightmare” (N = 26), “dvd” (N =25), and “demon” (N =21). 
We generate the word cloud in Figure 11 and list the top 50 high frequency words in 
successful animation movie projects in Table 16. 
 
(Insert Figure 11 about here) 
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(Insert Table 16 about here) 
 
For unsuccessful horror projects, the frequency of words like “anime” (N = 67), “video” 
(N = 55), “locate” (N = 52), “dark” (N = 49), “shoot” (N =46), “budget” (N =45), 
“series” (N = 42), “town” (N = 42), “base” (N = 40) and “feel” (N =38) rank highest. 
Themes like “monster” (N = 35), “girl” (N = 34), “hope” (N = 31), “eye” (N = 29), 
“light” (N = 29), “dead” (N = 28), “killer” (N =27), “halloween” (N = 25) and 
“pumpkin” (N =21) are used more often. Besides, while successful projects mention 
more about “award” (N = 35 vs. N =13), unsuccessful projects mention more about 
“budget” (N = 45 vs. N = 27). The word cloud and high frequency words list of 
unsuccessful horror projects are shown below. 
 
(Insert Figure 12 about here) 
 
(Insert Table 17 about here) 
 
5.2.2 Extracting writing styles 
As we have mentioned in the previous chapter, project description is a central message 
to communicate with potential backers; and it provides a pivotal role in affecting 
funding success. It is good science to use natural language processing (NLP) to extract 
meaningful features from the text and relate them to the funding outcome. In this step, 




5.2.2.1 LIWC and its application  
 
Linguistic inquiry and word count (LIWC) program, the most commonly used 
language analysis tool, creates empirically derived statistical profiles of deceptive and 
truthful communications (Pennebaker et al., 2001; 2003). It has been used in studies 
to investigate the relation between word use and psychological variables and to predict 
outcome measures such as social judgments, personality, psychological adjustment 
and health (Chen et al., 2014; Malal, 2014). Previous works have shown that the 
author’s personality traits, mood and emotions (Mishne, 2005) can be derived from 
the linguistic analysis to his/ her blog posts (Gill et al., 2009). Hancock et al. (2007) 
use LIWC to analyze transcripts and investigate changes in both the liar’s and the 
conversational partner’s linguistic style across truthful and deceptive dyadic 
communication. Netzer (2019) utilizes LIWC as an assistant tool to analyze the 
features of loan request written by defaulting borrowers. 
 
LIWC is a hand-built dictionary-based approach in which each word is compared 
against a file of words divided into 93 output variables. All 93 output variables have 
been grouped into eight main categories. Each word may be counted in multiple 
categories. The data record includes the file name and word count, 4 summary 
language variables (analytical thinking, clout, authenticity, and emotional tone), 3 
general descriptor categories (words per sentence, percent of target words captured by 
the dictionary, and percent of words in the text that are longer than six letters), 21 
standard linguistic dimensions (e.g., percentage of words in the text that are pronouns, 
articles, prepositions, etc.), 41 word categories tapping psychological constructs (e.g., 
affect, social, cognition, perceptual, biological processes, drives, time orientation, 
relativity, etc.), 6 personal concern categories (e.g., work, home, leisure activities, etc.), 
55 
5 informal language markers (netspeak, assents, fillers, swear words), and 12 
punctuation categories (periods, commas, etc.). In our study, in order to explore the 
effect of writing style on the success of crowdfunding movie projects, we included all 
the variables except “word count” which was treated as control variable. 
 
The standard LIWC dictionary is employed for each of these variables. LIWC analyzes 
text by producing the percentage of each variable type by dividing the frequency of 
the observed variable by the total number of words in the sample, with the exception 
of word counts, words per sentence, and question marks, which are reported 
frequencies. 
 
5.2.2.2 Output from LIWC 
We applied LIWC to analyze the text of all 1559 movie projects. In total, we had tested 
93 variables which was preset by LIWC. Among the 93 output variables, the top three 
variables which has most words are “analytical thinking” ( 𝑀𝑎𝑛𝑎𝑙𝑦𝑡𝑖𝑐 =
 82.87 %, SD = 531.895) , “clout” ( 𝑀𝑐𝑙𝑜𝑢𝑡 =  77.95 %, SD =  14.373 ) and 
“authentic” (𝑀𝑎𝑢𝑡ℎ𝑒𝑛𝑡𝑖𝑐 =  19.37 %, SD =  18.254) 
 
Comparison between successful and unsuccessful movies 
In order to get an overview about the difference of word use between successful and 
failure movie project, we conducted the independent-samples T test. Among 93 
variables of words, we observed significant difference between two groups in 47 
variables. The results show that as for the word count, the average number of words 
of all the movie projects is 525.7 (SD = 531.895). Successful projects tend to have 
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more words (724.07; SD = 583.632) than unsuccessful projects (394.37; SD = 
449.087). Besides, successful projects tend to use the words related to the following 
variables more frequently than unsuccessful projects – analytical thinking (84.7141% 
vs. 81.6555%), clout (81.0173% vs. 75.9223%), emotional tone (76.3995% vs. 
67.4557%), 1st person plural (2.4488% vs. 1.9246%), adjectives (4.7899% vs. 4.4364), 
comparisons (2.1105% vs. 1.9759%), positive emotion (4.2806% vs. 3.9836%), sexual 
(.1652% vs. .1256%), drives (10.0572% vs. 9.2971%), affiliation (4.4825% vs. 
3.9342%), achieve (2.4487% vs. 2.2312%), rewards (1.7119% vs. 1.5515%), relativity 
(12.5863% vs. 11.9329%), space (6.6751% vs. 6.2542%), time (4.2557& vs. 3.9661%) 
and work (4.6385% vs. 4.0427%).  
 
Comparatively, the words related to following variables are more likely to appear in 
the unsuccessful movie projects, namely authentic (20.5766% vs. 17.5460%), 1st 
person singular (1.7352% vs. 1.133%), 3rd person plural (.6560% vs. .4921%), 
impersonal pronouns (4.1069% vs. 3.7683%), auxiliary verbs (7.0302% vs. 6.4143%), 
common verbs (13.3421% vs. 12.2380%), negative emotion (1.2437% vs. 1.0519%), 
anger (.3773% vs. .2758%), family (.3871% vs. .3130%), cognitive process (8.7874% 
vs. 8.3825%), insight (1.6458% vs. 1.4614%), discrepancy (1.2572% vs. 1.0751), 
health (.6126% vs. .5093%), focus present (9.3009% vs. 8.6465%), focus future 
(1.6819% vs. 1.4628%) and religion (.2952% vs. .2041%). 
 
The details are shown in Table 18.  
 
(Insert Table 18 about here) 
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Extracting meaningful topic 
The results show that not 93 variables are equally relevant and meaningful to the movie 
projects. Also due to the fact that too excessive variables increase the difficulty in 
interpreting the results, we adopted the Factor analysis to simplify structures and 
reduce dimensions. 
 
Factor analysis is a statistical data reduction and analysis technique which can 
condense the information contained in a number of original variables into a smaller set 
of new composite dimensions or factors with a minimum loss of information. In our 
study, since we considered “word count” as a control variable (we will elaborate it in 
the following part), we eliminated it when we did the factor analysis. We conducted 
exploratory factor analysis to find groups of variables that are highly inter-correlated 
and then to reduce 92 variables to a few factors. 
 
Components with high Eigenvalues are likely to represent a real underlying factor. We 
selected components whose Eigenvalue is greater than 2 and set absolute value greater 
than .40. We found that the loading value of 33 variables was less than .40, indicating 
low communities and weak contributions to measure the underlying factors. Based on 
this, we rerun the entire analysis with one variable omitted each time and finally 
removed all these 33 variables from our analysis. After reconducting factor analysis 
with remaining 59 variables, the figure of final KMO equaled to 0.614 represents a 
satisfactory factor analysis to proceed. Finally, we classified 59 variables into 10 
components in total. 
 
We interpret each component as follows:  
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Component 1 - “rational style” (e.g., analytical thinking, cognitive processes, 
differentiation, etc.) 
 
Component 2 - “social influence” (e.g., clout, 1st person plural, social process) 
 
Component 3 – “negative emotion” (e.g., anxiety, anger, and sadness) 
 
Component 4 – “relativity” (e.g., motion, space, and time) 
 
Component 5 – “social reference” (e.g., family, male reference, and female reference) 
 
Component 6 – “descriptive words” (e.g., word/sentence, words > 6 letters, and 
adjective) 
 
Component7 – “informal language” (e.g., netspeak, informal language, and assent) 
 
Component 8 – “punctuation” (e.g. comma, dash, and apostro) 
 
Component 9 – “incentive” (e.g., achievement, reward)  
 
Component 10 – “perceptual process” (e.g., see and hear) 
 
The detailed category of factors is displayed in Table 19. 
 
(Insert Table 19 about here) 
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We computed factor scores and set these 10 components as variable labels after 
actually adding the factor scores to our data. The 10 factor scores derived from EFA 
will become our focal variable entering into regression analysis and we will elaborate 
it in Part 5.3. 
 
5.3 Step 2: Prediction of funding performance 
The performance of crowdfunding movie projects can be reflected by the project is 
successfully funded and average fund each backer invests. In this part, we develop a 
regression model to predict the performance of projects. We set 2 dependent variables, 
10 independent variables and 5 control variables in our regression models. 
 
5.3.1 Choice of DV, IV and controls 
Dependent variables 
As Kickstarter adopts the rule of “All-or-Nothing” support, backers can successfully 
contribute to a project only when the requested amount has been reached. Thus, we 
define the first dependent variable, success or not, as a dummy variable when a project 
is successfully funded (i.e., 1) or not (i.e., 0). In our data set, while 621 movie projects 
succeed (39.8%), 938 failed (60.2%). 
 
The second dependent variable is the average amount per backer contributes for a 
particular project which is calculated by the total amount a project raises divided by 
the number of total backers. The results show that the average amount each backer 
invest in the whole sample projects ranges from 0 to USD 3037 (𝑀𝑎𝑣erag𝑒_𝑎𝑚𝑜𝑢𝑛𝑡 =
73.35 , SD = 127.121). Per capita investment in successful movie projects 
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(𝑀𝑎𝑣erag𝑒_𝑎𝑚𝑜𝑢𝑛𝑡 = 113.24, SD = 152.800) is higher than that in unsuccessful movie 
projects(𝑀𝑎𝑣erag𝑒_𝑎𝑚𝑜𝑢𝑛𝑡 = 46.93 , SD = 98.322). In successful and unsuccessful 
projects, the difference in investment per capita is statistically significant. Therefore, 
we set “average amount per backer” as our second dependent variable. 
 
Independent variables 
In Part 5.2 Step1: Text analysis, we get 10 components after conducting factor analysis 
and compute factor scores for each component. We set these 10 components as 
variable labels after actually adding the factor scores to our data. The 10 factor scores 
derived from EFA became our focal variable entering into regression analysis. 
 
Control variables 
We consider about five important covariates, namely the project duration, requested 
amount, word count, movie genre and the number of videos.  
 
The project duration, which is typically predetermined and indicates the degree of 
project exposure has a contradictory role in the success of crowdfunding. While longer 
project duration can offer for awareness and attention-building and promote the project 
performance (Burtch et al., 2013); it also can be regarded as an indication of a lack of 
confidence (Mollick, 2014). Moreover, longer duration makes it possible for potential 
backers to take more time to consider and even forget the project (Härkönen, 2014). 
The project goal or fundraising target usually set up a shared group goal among 
backers. When group identification is relatively weak (as in crowdfunding community 
with anonymous members), individuals decide to pursue the shared group goal if 
believed to be worthwhile. Thus, both the fundraising cycle and project target should 
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play a role in crowdfunding decisions. Additionally, the assumption that word counts, 
and video counts make potential backers feel the project has higher quality has been 
proved in previous study (Bi, 2017). Besides, prior research has shown that consumers 
rate a movie’s genre as the most important, and probably the first factor they consider 
when deciding whether to see specific movies (Austin & Gordon 1987). When 
potential backers read the description of a movie project, they may bring with them 
various expectations, including certain attributes associated with the specific genre. 
These expectations may in turn create genre preference among potential backers and 
affect funding choice. 
 
The definitions of all the variables are listed in Table 20. 
 
(Insert Table 20 about here) 
 
5.3.2 Model specification and results 
Pearson correlation 
Results of the Pearson correlation indicated that the success of crowdfunding movie 
projects is positively correlated with the number of video (𝛾(1559) = .225, 𝑝 < .01), 
word count (𝛾(1559) = .304, 𝑝 < .01), social influence (𝛾(1559) = .095, 𝑝 < .01), 
descriptive words (𝛾(1559) = .122, 𝑝 < .01)), readability (𝛾(1559) = .203, 𝑝 < .01) 
and incentive ( 𝛾(1559) = .080, 𝑝 < .01 ). But there was a significant negative 
association between success and the project duration (𝛾(1559) = −.255, 𝑝 < .01), 
rational style ( 𝛾(1559) = −.094, 𝑝 < .01 ), negative emotion ( 𝛾(1559) =
−.081, 𝑝 < .01) and perception (𝛾(1559) = −.068, 𝑝 < .01). 
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Also, results showed that average fund each backer invests was positively correlated 
with the number of video ( 𝛾(1559) = 153, 𝑝 < .01 ), word count ( 𝛾(1559) =
.149, 𝑝 < .01 ), social influence ( 𝛾(1559) = .064, 𝑝 < .01 ), social reference 
( 𝛾(1559) = .052, 𝑝 < .01 ), readability ( 𝛾(1559) = .125, 𝑝 < .01 )). But average 
fund per backer was negatively correlated with rational style (𝛾(1559) = −.061, 𝑝 <
.05) and perception (𝛾(1559) =  −.051, 𝑝 < .05). 
 
In order to verify whether control variables have linear relationships, we obtained a 
correlation matrix at the 0.01 level (2-tailed). The results showed that the number of 
videos was negatively correlated with requested amount (r = -.074, n = 1559, p = .003) 
and project duration (r = -.078, n = 1559, p = .002) but positively correlated with word 
count (r = .246, n=1559, p = .000). There was a weak correlation between movie genre 
and word count (r = .08, n = 1559, p = .002). While project goal was positively 
correlated with project duration (r = .0072, n=1559, p = = .004), project duration was 
negatively correlated with word count (r = -.073, n = 1559, p = .004). Results indicated 
that the linear relationships are relatively weak. 
 
Besides, there was no significant association among 10 independent variables. The 
details are showed in Table 21. 
 
(Insert Table 21 about here) 
 
Collinearity check 
Then, we consider about the potential collinearity problem that could bias the estimates 
and inflate the standard errors. We obtain the variance inflation factors (VIFs) for all 
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of the model covariates. They are all below the conventional threshold of 4, indicating 
that multicollinearity does not appear to be a concern (See Table 22).  
 
(Insert Table 22 about here) 
 
Effect of project introduction features on the success of crowdfunding movies 
As “success of not”, our first dependent variable is dichotomous (binary) which 
indicate when a project is successfully funded (i.e., 1) or not (i.e., 0), we adopted 
logistic regression to describe data and explain the relationship between the success of 
crowdfunding movie project and the features of project introduction. The regression 
models are shown in 𝑀𝑜𝑑𝑒𝑙1 . Please note that we also examined the linear 
relationship between writing styles and the success of crowdfunding movies in 
𝑀𝑜𝑑𝑒𝑙𝑤𝑟𝑖𝑡𝑖𝑛𝑔 𝑠𝑡𝑦𝑙𝑒𝑠−𝑜𝑛𝑙𝑦
1 ; and the relationship between control variabes and the 
success of crowdfunding movies in 𝑀𝑜𝑑𝑒𝑙𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑠−𝑜𝑛𝑙𝑦
1 . The equation as follows: 
 
𝐿𝑜𝑔𝑖𝑡 (𝑆𝑢𝑐𝑐𝑒𝑠𝑠) = 𝛼0
1 + 𝛽1  (𝑖𝑛𝑡𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠) + 𝛾1 𝑋 + ε1   
            
(𝑀𝑜𝑑𝑒𝑙1) 
 
The parameter of interest is 𝛽1 , which represents the effect of introduction features. 
𝑋 represents a set of control variables and 𝜀 represents error. 
 
We first test the main effect of project introduction features on the success of 
crowdfunding movies without considering about the role of control variables. As 
displayed in the first column of Table 23, among these 10 independent variables, the 
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factor of “relativity”, “social reference” and “informal language” are not statistically 
significant (𝑝 >  .05). The Nagelkerke’s 𝑅2 =  .131. 
 
Then, we added five control variables into 𝑀𝑜𝑑𝑒𝑙𝑤𝑟𝑖𝑡𝑖𝑛𝑔 𝑠𝑡𝑦𝑙𝑒𝑠+𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑠
1 . Omnibus 
tests of model coefficients showed that the model makes sense overall (𝑝 <  .05). 
Hosmer and Lemeshow test tested the goodness of fit of the model. The result showed 
that the information in the current data had been fully extracted and the model fitted 
well (𝑝 <  .05). Besides, the Nagelkerke’s 𝑅2  equals to .365, suggesting higher 
proportion of variance in the outcome that the model successfully explains. The results 
in the third column showed that “social influence” (𝛽 =  .237, 𝑝 <  .05), “descriptive 
words” (𝛽 = .154, 𝑝 <  .05), “readability”(𝛽 = .302, 𝑝 <  .05) and “incentive” (𝛽 =
 .201, 𝑝 <  .05) had a positive effect on the success of crowdfunding movie projects. 
Although, “rational style” (𝛽 = −.181, 𝑝 <  .05) and “perception” (𝛽 = −.187, 𝑝 <
 .05) also were significant predictors in the model, these two factors had an adverse 
effect on the success of crowdfunding projects. 
 
(Insert Table 23 about here) 
 
Effect of project introduction features on the average fund per backer 
We postulate that the average amount funded by each back is the other indication of 
project performance. As the dependent variable is continuous variable, a simple linear 
regression was employed in  𝑀𝑜𝑑𝑒𝑙2 . We also examined the linear relationship 
between introduction features and the average fund per backer in 𝑀𝑜𝑑𝑒𝑙𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒
2 . 
Average fund = 𝛼0




Here, the parameter of interest is 𝛽2 , which represents the effect of introduction 
features. 𝑋 represents a set of control variables and 𝜀 represents error. 
 
A significant regression equation in 𝑀𝑜𝑑𝑒𝑙𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒
2  was found (F (10, 1548) = 5.134, 
𝑝 =  .000 ), with an 𝑅2  of .032. When considering about control variables, in 
𝑀𝑜𝑑𝑒𝑙2 , “social influence” (𝛽 =  6.751, 𝑝 <  .05), “readability” (𝛽 =10.024, 𝑝 <
 .05) and “perception” (𝛽 =-6.642, 𝑝 <  .05) was significant predictors. The overall 
model fit was 𝑅2 =  .054, higher than the value of 𝑀𝑜𝑑𝑒𝑙𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒
2 . 
 
5.3.3 Results by movie genres 
We anticipate that certain project writing styles has differential influence on the 
success of crowd-funded movies, depending on the genre of movies. Thus, we ran the 
PROCESS with model 1 of Hayes (2013) to test it. We used one out of 10 project 
features derived from factor analysis as IV (X) each time; and set the rest of 9 project 
features and the other 5 factors (requested amount, project duration, word count, movie 
genre, and the number of video) as covariant variables. At the same time, we included 
“success or not” as DV (Y) and “movie genre” as moderator (W). Totally, we had 14 
types of movies. We excluded two of them - narrative film and web series because the 
success rate of these two movie types was 100 per cent, which means that there was a 
missing failure sample group. Besides, the types of “movie theaters” and “romance” 
are also excluded for insufficient samples. In total, we ran the PROCESS 100 times 








Chapter 6. GENERAL DISCUSSION 
 
This thesis provides a research framework to explore the effect of topical features and 
writing styles on the success of crowd-funded projects. We focus on the topical 
features and writing style of crowdfunding pitches in the movie projects and how such 
a style relates to the success in raising funds and varies across the movie genres. The 
empirical findings offer rich insights to project creators regarding the strategies of 
writing the project descriptions and to the crowdfunding websites on the operation of 
their platforms. 
 
In order to achieve our research objectives, we use Kickstarter as our research setting. 
Kickstarter is one of the oldest, largest and most dominant reward-based crowdfunding 
platforms in the US (Mollick, 2014). And we mainly focus on the category of film and 
video. Generally, our study is data-driven by using grounded theory approach which 
enables researchers to seek and conceptualize emerging patterns and structures in data 
through the process of constant comparison. There are three steps. First, we text mine 
1559 crowd-funded movie projects from Kickstarter, which were launched in the 
Unites States from January 2017 to December 2017 and belonged to the “Film” 
category. In our study, the success of crowdfunded movie refers to that the fundraising 
movie project can meet or exceed the target amount within the creator’s predetermined 
timeframe. That is, all the crowd-funded projects follow the rule of “All-or-nothing”. 
Second, in order to extract meaning features from the text and relate them to the 
funding outcomes, we analyze data by using NLTK and LIWC. More specifically, we 
use NLTK to extract topical features of different movie genres. And LIWC is 
employed to extract the writing style of project descriptions. LIWC can help to 
generate 93 output variables and then we conduct the independent-samples T test to 
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get an overview about the difference of word use between successful and failure movie 
projects. Due to the fact that too excessive variables increase the difficulty in 
interpreting the results, we adopt the factor analysis to simplify structures and reduce 
dimensions. Following that, we develop regression models to predict the performance 
of projects by setting 2 dependent variables, namely the success of projects, and the 
average fund per backer invest. Furthermore, we conduct an interaction effect to test 
whether movie genre moderates the effect of writing style on the success of crowd-
funded projects. Finally, we use both 2017 sample data and 2019 new project data to 
test the validation of our models. 
 
The output from NLTK shows that for movie projects, creators frequently use movie-
related vocabularies like “film”, “story”, “time”, “short”, “movie”, “love” and “fund”. 
And these words are common both in successful projects and unsuccessful projects. 
But for successful projects, topics like “festival”, “director”, “art”, “kickstarter”, 
“design” and “reward” appear more frequently; and for unsuccessful projects, topics 
like “facebook”, “family”, “hope”, “tv”, “script” and “dream” share higher frequency. 
When we investigate further, the topics also vary in different movie genres. For 
animation projects, mentions like “dog”, “tohoku”, “pilgrim”, “zunko” (a character 
originally created to help promote the recovery of the Tohoku region) can be found 
easily in successful projects. However, topics like “kid”, “cyberboy”, “school”, “pilot”, 
“children” and “puppet” seem lose attraction for potential backers. For comedy 
projects, topics like universe and space win the highest popularity. However, topics 
like “job” and “women” are too ordinary. Compared to unsuccessful projects, 
successful comedy projects use adjectives like “amazing”, “hilarious”, “funny” and 
“humor” more often. For drama projects, potential backers seem to stress more on 
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“director”, “crew”, “music”, “scene”, “photography” and media and less care about 
“script” and “role”. Besides, the words “budget” may give potential backers a fright. 
Finally, for horror projects, popular topics are “ghost”, “zombie”, “blood”, 
“nightmare”, and “demon”. And other topics like “monster”, “girl”, “hope”, “killer”, 
“halloween” and “pumpkin” are seemed to be outdated. 
 
The results of LIWC show that while using some words related to analytic thinking 
and perceptual process (e.g., see, hear) decrease the success, words related to social 
influence (e.g., clout, 1st person plural, social process, etc.), descriptive words (e.g., 
adjectives, comparisons), incentive (e.g., achievement, reward) and punctuation (e.g., 
comma, dash, apostrophe) can increase the success. The other findings are that for 
different movie genres, project creators are supposed to use different writing styles. 
For instance, for action movies, words related to “relativity” like “motion”, “space” 
and “time” can make the plot more realistic and vivid. For comedy, while being 
rational can have an adverse effect, using descriptive words like adjectives, 
comparisons could increase the likelihood of success. For horror movies, the usage of 
informal language can make readers more realistically feel the state of people under 
fear. For music movies, negative emotions are slightly inferior to positive emotions. 
Finally, for thrillers, readers may dislike the words related to their family, friends 
because they may do not want people around them to suffer bad luck. 
 
In order to help us better understand and apply our findings, in the following part, we 
will analyze the text from the perspective of both writing styles and topical features. 
We select one unsuccessful project and one successful project from Kickstarter.com. 
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6.1 Unsuccessful project case 
 
The category of the first movie project named “‘It Talks About Techno’ need Music 
Videos” is a music video. The creator only received less contribution (HK$ 8) than the 
amount he requested (HK$ 15,678). In general, length is viewed as one of the signals 
that can indicate the project’s quality. A longer introduction part may increase the 
likelihood of success. For this project, the description has 497 characters, which is 
below the average (3095 characters) of all 2017 movie projects. Figure 13 presents the 
introduction part of this unsuccessful project. 
 
(Insert Figure 13 about here) 
 
From the perspective of writing style, our findings show that while “rational style” and 
“perception” are negatively associated with project success, “social influence”, 
“descriptive words”, “readability” and “incentive” have positive effects. In Table 27, 
we report some LIWC output variables of this project case and make a comparison 
with other successful and unsuccessful projects. The figures represent the proportion 
of the corresponding dictionary words in the whole text. (1) In the category of “rational 
style”, both “cognitive process”- related words (e.g., think, idea, want, hope) and 
“auxiliary verbs” (e.g., am, will, have) make up 9.36 per cent of the full text, whose 
figures are higher than the average for failed projects. (2) In the category of 
“perception”, 4.26 per cent of words related to “perceptual process” (e.g., beautiful, 
darkest), which is significantly related to a greater likelihood of failure projects in our 
analysis. (3) In the category of “social influence”, the “clout” score of this project is 
54.25, lower than the average score of successful projects (81.02). Besides, it uses 
fewer words related to “1st person plural” (e.g., we, us, our), “drives” (e.g., reward, 
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power) and “affiliation” (e.g., ally, associate, friend, social, mate). (4) In the category 
of “incentive”, this project uses fewer words related to “achievement” (e.g., win, better, 
success) and “work” (e.g., job, majors, and grade). (5) For the “descriptive words” 
category, this project use fewer adjectives and comparisons. Besides, only around 15 
per cent of the words used have more than 6 letters, which means that most of the 
words in the introduction part are simple and common. However, this kind of writing 
style is negatively associated with project success. (6) For “readability”, we notice that 
some sentences lack periods, which indicates that the project creators are not rigorous 
enough in writing. (7) For music video, positive emotional words are beneficial for 
project success. But this project uses fewer words which can express positive emotion. 
Moreover, the creator uses a lot of “I” words to describe what he will do, who he is, 
instead of what the project is like. Also, present- and future-tense words are relative to 
higher likelihood of failure, because these words represent unconcluded situations. 
 
(Insert Table 27 about here) 
 
In terms of topical features, in general, audiences care more about director, crew, 
music, scene, photography and media. However, from the word cloud, it is hard to 
capture a distinct theme about this project, nor can we know the background and the 
strength of the creation team. The messages expressed by the author are really simple: 
the project was crowdfunded to shoot a video on board and underwater; and they are 
an amateur team. Taken together, it is not difficult to understand why this project failed. 
 
(Insert Figure 14 about here) 
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6.2 Successful project case 
 
The second project named “Rise of the 2000 Sons Project” is an action movie. During 
the 30-day period, 72 backers pledged $10,181 to help bring this project to life. In 
general, this project description is informative with 1559 words. Figure 15 presents 
the whole text of this action movie project.  
 
(Insert Figure 15 about here) 
 
Similar to the case study above, we present the output variables of this successful 
project case from LIWC in Table 28. We begin with an analysis from nine writing 
styles. (1) In the category of “rational style”, it uses few words related to “cognitive 
process” (e.g., think, feel, hope, admit, could, and should). Besides, the usage of total 
pronouns, personal pronouns (e.g., I, he, she, we, they) and impersonal pronouns (e.g., 
it, others, who, anyone) in this project is lower than the average usage in unsuccessful 
projects, which means this project describes the issues more concretely. (2) In the 
category of “perception”, only 1.58 per cent of words are related to “perceptual process” 
(e.g., see, hear, smell, cool). Lower proportion of these words is related to lower 
likelihood of failure. (3) In the category of “social influence”, the clout score is 91.68 
higher than the average score of successful projects (81.02). The author or project 
creator uses more 1st person plural (3.10 per cent) than 1st person singular (0.41 per 
cent). For readers, “we” words are more appealing and infectious. Besides, it mentions 
more about some “social process”- related words like friend, son, baby, cast, crew and 
writer. The author uses the role of each person to establish the relationship between 
the characters in the project and between the project and the readers. Moreover, this 
project uses more “drive”- related (e.g., power, love, peace) and “affiliation”-related 
76 
words (e.g., family, friend, crew). (4) In the category of “incentive”, it mentions more 
about some “achievement” words like “award”, “success”, “winner”, “producer”, 
“goal” to introduce that their film team are professional. These words increase the 
authority and thereby the persuasion power of this project. (5) For “descriptive words”, 
around 25 per cent of words have more than 6 letters. Relatively complex words can 
increase the perceived quality of the project. Also, it uses more adjectives and 
comparisons to polish its content. (7) For readability, the author is good at using 
punctuation to help complete and convey sentences, which can help to decrease the 
difficulty in understanding the meaning. (8) In general, emotional tone of this project 
description is strong and it uses more positive emotional words which are positively 
related to project success. (9) The usage of present- (7.23 per cent) and future- tense 
words (1.45 per cent) is lower than the average usage of unsuccessful projects.  
 
(Insert Table 28 about here) 
 
From the point of view of topical features, we observe that: (1) As a drama-war-action 
film, the theme of “Rise of the 2000 Sons Project” is relatively distinct and clear – 
fight for peace. (2) From writer, producer, creator, actor, entrepreneur to artist, their 
film team comes from professional backgrounds. (3) The author introduces their 
Kickstarter campaign goals and elaborates on what they can do and what they are 
going to do at different goal levels. The ultimate goals of this crowdfunding are to 
complete a children’s book with a top Hollywood list writer and shoot the film 
perfectly. In this case, potential backers can have fully understanding about creator’s 
plan and work. (4) The author reposts the link of their project for several times and 




evaluations (Bilkey & Nes, 1982). For example, with the innovation and 
interestingness, Japanese animation occupies an important and leading position in 
the world. The findings show that in the successful animation projects, words with 
Japanese style appear more frequently. We claim that creators can make use of 
COO effect to convey their expertise and high quality.  
 
(3) The rule of “consistency” can be engaged in description writing. Movie industry 
is like a hundred flowers in bloom, in which each movie type has its own distinct 
characteristics. Since, audiences and potential backers hold different expectancies 
towards different movie types, the movie project description should match the style 
of the movie types in terms of content and writing styles. Without consistency, 
projects may be judged as fickle, uncertain, pliant, scatterbrained, or unstable. In 
contrast, with consistency, projects are viewed as rational, assured, trustworthy and 
sound. 
 
(4) The rule of “liking” is the other principle of persuasion. With the rapid 
development of cultural industry, people have begun to show fatigue with some 
outdated literary themes. One example is that for horror movie, projects with topics 
of “Halloween” and “pumpkin” have lost popularity among backers. Interesting 
and novel topics can directly enhance people’s liking for the project. Thus, a 
successful movie theme must be tested by the times and keep abreast with the times. 
 
6.3 Theoretical contribution 
Theoretically, we contribute to the literature on the crowdfunding, fundraising and 
donation. We add to the language expectancy theory by identifying potential backer’s 
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expectations towards each movie genre and exploring the effective topical features and 
writing styles of movie project descriptions. Our research provides a more integrative 
and comprehensive framework by adopting grounded theory. Instead of focusing on 
only one specific linguistic dimension, we further the previous study by examining the 
topical features and writing styles under the umbrella of linguistic styles.  
 
Secondly, we make an additional contribution to the text analysis literature. The text-
mining literature has primary concentrated on extracting meaningful information from 
unstructured text.; and most of them only use one text analysis tool. The tools used in 
our study are more diverse. Besides, in terms of relation extraction, marketing 
researchers are often more interested in identifying textual relationships among 
extracted entities, such as the relationships between products, attributes, and 
sentiments. For example, researchers may want to identify whether consumers 
mention a particular problem with a specific product feature. In our study, we consider 
about the relation between words and movie types, which are, as far as we know, has 
not been studied before. In the modelling part, we investigate the interaction effect of 
topical features, writing styles and movie types and make an effort to make some 
interpretations.  
 
Thirdly, previous movie literatures mainly emphasize on the factors that influence box 
office revenue, we add to the pertinent literature by studying about the success of 
crowdfunded movie projects. To our surprise, language has a strong effect on funding 
success, and words and styles used vary across different movie genres. We hope this 
work stimulates more research on this area to release more predictive phases and 
writing styles. We do not claim that using these words and styles guarantees success. 
81 
Neither do we claim that using these words is the only means of successful funding. 
One should also note the importance of other project attributes that have substantial 
effect on the project’s success. There could well be several other intervening variables 
which ultimately control a project’s funding. 
 
6.4 Managerial implication 
The feature of movie industry is that substantial financing is required to take the movie 
projects into production. However, financing will become significantly more 
problematic if the producer does not have a contract or a deal with a professional studio. 
In that case, the producer has to obtain initial financing from other sources. And overall, 
our findings can help project fundraisers reduce the hindrance and improve the 
likelihood of crowdfunding success through following aspects.  
 
We suggest four things to do. (1) While setting more reasonable requested amount can 
help to boost the success rate, crowdfunding platforms and project creators can also 
consider shortening the project duration appropriately. (2) Longer introduction part 
and good readability can increase the perceived quality of projects. (3) A persuasive 
linguistic style is reflected by frequent usage of first-person plural, such as “we”, “us” 
and “our”. They involve taking ownership of a statement which will drive potential 
backers to consider the project with empathy. (4) Project description with descriptive 
words (e.g., adjectives, comparisons, preposition, numbers) can increase the likelihood 
that the whole story will be believed by potential backers. 
 
In contrast, we recommend project creators to pay attention to the negative impact of 
following three kinds of words. (1) The usage of first-person singular such as “I”, “me” 
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decreases the perceived trustworthiness. We noticed that in the context of hotel 
reviews, Ott, Cardie and Hancock(2012) found a higher use of “I” in fake reviews, 
probably because the posters did not have much to say about the hotel itself (because 
they had never been there), so they described their activities. Inspired by this finding, 
authors should describe more about the project itself instead of the authors. (2) Other 
words which describe the perceptual processes like “see”, “hear” will make potential 
backers feel that project-raiser is attempting to create a detailed story in an effort to 
enhance the credibility of the story. Theoretically, higher use of perceptual words is 
associated with lower cognitive complexity (Newman et al., 2003). And deceptive 
language has been shown to include more perceptual words because it is less complex 
in nature. (3) Present- and future-tense words indicate that the issues expounded by 
authors are unconcluded and unfinished. Authors can elaborate more on what they 
have done to show their good preparation.  
 
In general, project creators are supposed to mention more about “Kickstarter” instead 
of talking about other platforms like “Facebook” and “Twitter”. Besides, compared to 
“script” and “studio”, backers care more about “director”, “reward” and “cost”. Our 
findings also show that attractive topical features and writing styles vary across 
different movie genres.  
 
Firstly, for the action movies, using some words related to “relativity”, like “motion”, 
“space”, “time” could increase the likelihood of success. However, this effect does not 
hold for other movie genres. Action movies are typically violent and energetic. Usually, 
the plots have a series of events which includes extended fighting, physical feats and 
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frantic chases8. In this case, words related to “relativity” like “motion”, “space” and 
“time” are more in line with the characteristic of action movie. Besides, these words 
in the project description may increase project’s vividness and thus increase potential 
backer’s interest.  
 
Secondly, for comedy, while logic rational thinking style has an adverse effect on its 
success, descriptive words like adjectives, comparisons could increase the likelihood 
of success. Comedy films mainly emphasis on humor and are designed to elicit laugher 
from audiences by exaggerating plots, situations, language, action and so on9. Rational 
thinking style is a tendency to detach an object from its context, focus attention more 
on the attributes of the object and attribute causality mainly to objects itself (Nisbett 
et al., 2001). In addition, rational thinking style induces an application of formal 
reasoning and rational strategies, which follow logical structures (Norenzayan et al., 
2002). For comedy films, whose nature are considered less rational, the usage of 
analytic words in project description may make situations and character settings 
unreasonable and less funny. Besides, the results also show that the usage of 
descriptive words has a positive effect on the success of comedy projects. Compared 
to unsuccessful comedy projects, successful projects use adjectives like “amazing”, 
“hilarious” and humor more frequently. One of the potential explanations is that 
descriptive words like adjectives can appeal all of our five senses - taste, touch, sight, 
smell and sound, which add more details of the comedy story and thus increase 
project’s attraction. The other explanation is that while descriptive words polish and 
specify the whole story, they also make the projects more convincing. Compared with 
 
8 Information from: https://en.wikipedia.org/wiki/Action_film 
9 Information from: https://www.filmsite.org/comedyfilms.html 
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deceivers, truthtellers are less likely to use vague response to avoid being caught in a 
false statement (Carlson et al., 2004).  
 
Thirdly, for horror movies, the usage of informal language also benefits to the success 
rate. Horror movie creates unknown scene to elicit fear10. The movie should be so 
realistic that people are now afraid of what they never were afraid of before. Deriving 
from subjects of taboo, swearwords are used as emotional expression of anger, surprise, 
etc. (Dewaele, 2004). When faced with fear and shocked, individuals are more likely 
to speak swearwords. The usage of such informal language in horror movie shows the 
human’s real response to fear. Furthermore, for topic selection, “zombie” and “demon” 
are more popular; while “Halloween” and “pumpkin” are outdated. 
 
Fourthly, for music movies, language with negative emotion decrease the success rate. 
Music video is a short film which integrates music with motion pictures to supplement 
information and content that cannot be expressed by music alone. Although both 
positive words and negative words in project description are emotional arousal in the 
context of crowdfunding, high-negative appeals sometimes can cause potential 
backers to think that project creators are manipulating them, and consequently, 
potential backers are more likely to develop negative attitudes towards the projects 
(Cotte et al., 2005). 
 
Fifthly, in terms of thriller, words related to social reference (e.g., “family”, “friends”, 
“boy”) decrease the success rate. Thriller is mainly based on themes of bizarre, 
 
10 Information from: https://en.wikipedia.org/wiki/Horror_film 
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grotesque, mystery, and crime. It uses intricate psychological metamorphosis or 
schizophrenia to create thriller effects. However, in the context of crowdfunding, 
potential backers lose interest in projects whose description has some words related to 
social references partly because they may do not want to involve their family or friends 
in the thriller plot.  
 
Sixthly, although relatively few titles became as successful as Disney’s features, other 
countries also developed their own animation industries that produced both short and 
feature theatrical animations. Among them, Japan became a true powerhouse of 
animation production, with its own recognizable and influential anime style of 
effective limited animation11. In our findings, projects from Japan or have words 
related to Japan in project description win more popularity among backers probably 
because backers tend to have more confidence in Japanese animation-making quality. 
 
Lastly, drama is a genre of narrative fiction intended to be more serious than humorous 
in tone12. Whether it is a traditional drama performed on stage or a modern drama 
performed on screen, director, crew, music, scene and photography are components 
emphasized by audiences. Therefore, project creators can highlight these advantages. 
 
Project creators can make good use of these findings to better polish their project 
description and thus better market their new venture ideas to potential backers. These 
findings can help both backers and project creators make best use of their time and 
money. A crowdfunding site can design a “Help Center” or “FAQ” and language-style 
 
11 Information from: https://en.wikipedia.org/wiki/Animation 
12 Information from: https://en.wikipedia.org/wiki/Drama_(film_and_television) 
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guides for project pitches: those which are associated with successful finding and those 
which are not.  
 
6.5 Limitations and future research 
Like many large-scale analyses of empirical data, we cannot make any causal claims, 
such as the project’s pitch to persuade people to donate money. Our work just shows 
the factors relate to successful funding. In addition, several limitations are also worthy 
of a note.  
 
Firstly, LIWC is composed of dictionaries that involves both linguistic and 
psychological process. Because we put our study in the context of movie, more domain 
specific dictionary is needed for text mining. However, the dictionary of LIWC is too 
general for now.  
 
Secondly, when mining project descriptions from Kickstarter, we noticed that some 
projects converted the text into the format of pictures in the introduction part. We 
assume that this is a way to protect copyright since the display of picture format can 
reduce the risk of direct text misappropriation. However, currently it is difficult to 
identify the text information in pictures which means that the text we collected is 
incomplete.  
 
Thirdly, our word clouds present high frequency words with complex parts of speech. 
Some of these words are nouns, some are adjectives, and some are verbs. These diverse 
outputs make our interpretations not so clear and pure. In the future study, we are 
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supposed to discuss different types of high frequency words separately according to 
their parts of speech.  
 
Fourthly, our findings are not fixed pattern for a successful movie project. When we 
observe some real cases, we find that a number of projects with very short 
introductions have also achieved crowdfunding success. The underlying reason is 
partly because that those projects use short video to supplement their contents. 
Therefore, we recommend that future studies can take the video pitch transcription into 
consideration.  
 
Besides, for most crowd-funded movie projects, the textual description may be 
composed of several aspects (topics) of the information like the movie genre, the 
movie plot, the director or the team, the creation background and the reward etc. The 
presence and the sequence of different topics can be predictors for projects success. 
Future study could consider about the configuration and the order of each introduction 
aspect to study their effects on the performance of crowdfunding projects. 
 
In our current study, we use a simple and fundamental function of Python NLTK and 
LIWC to conduct word extraction and topic extraction. Even though in the modelling 
level, our examination about the interaction effect between different movie genres and 
writing language styles can provide some preliminary insights of relationships among 
words, in the text level, we only extract the unigram words without further considering 
about the context. This is the reason why some findings are not interpretable. At the 
most basic level, relationships between entities can be captured by the mere co-
occurrence of entities. We believe that relation extraction approach to investigate 
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which kinds of combination of words are more meaningful, which might be a further 
step to improve the methodology contribution.    
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• topical features 
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Figure 3 Word Cloud of High Frequency Words in Successful Movie Projects 
 
 
























Figure 9 Word Cloud of High Frequency Words in Successful Drama Movie Projects 
 
 















































Table 1 Factors Influencing the Success of Crowdfunding Projects 
Stage Stakeholder factors  
Creator-related 
factors 
• Culural distance (Burtch et al., 2014) 
• Geographic distance (Mollick, 2014) 
• Appearance attractiveness (Duarte et al., 2012; Iyer et al., 
2916) 
• Creator-backer interaction (Wang et al., 2018; Aleksina et 
al.,2019) 
• Historical funding experience (Zvilichovasky et al., 2013) 
• Smile intensity (Wang et al., 2017) 
Project-related 
factors 
A. Pledging condition 
• Project duration (Burtch et al., 2013; Härkönen, 2014; 
Mollick, 2014); 
• project goal/requested amount (Mollick, 2014); 
• contribution pattern (Kupuswamy & Bayus, 2017; Dai & 
Zhang, 2019) 
B. Form of information 
• Video (Bi et. al., 2017; Mollick, 2014; Xu, 2018); 
• Picture (Bi et. al., 2017; Mollick, 2014; Pope & Sydnor, 
2011; Xu, 2018) ; 
• Project descriptions (Liang et al., 2019; Parhankangas & 
Renko, 2017; Xiang, 2019) 
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Table 2 Factors Explaining Box Office Revenue of Movies   
Stage Stakeholder factors  Third-party factors 
Production • Genre: Austin & Gordon (1987); Dellarocas et al. 
(2007); Desai & Basuroy (2005); Sawheny & Eliashberg 
(1996) 
• Star power: Basuroy et al. (2003); Elberse (2007); Desai 
& Basuroy (2005); Liu et al. (2014); Liu et al. (2015); 
Sawheny & Eliashberg (1996); Zhang et al. (2009)  
• Movie posters: Zhou et al. (2019) 
• Nation: Zhang et al. (2009) 
• Movie title: Bae & Kim (2019) 
• Movie script: Eliashberg et al. (2007; 2014) 
• Media activity: Mestyán et al. (2013)  
 
Distribution • Advertising expenditure: Prag & Casavant (1994); 
Zufryden (1996) 
• Internet promotion: Zufryden (2000) 
• MPAA ratings: Joshi & Hanssens (2009); Ravid (1999); 
Sharda & Delen (2006) 
• Prerelease e-WOM: Liu (2006); Chakravarty et al. 
(2010) 
• Critic review: Chakravarty et al. (2010); Chen et 
al., (2012) 
• Media activity: Mestyán et al. (2013) 
Exhibition • Star power: Peng et al., (2019); Liu et al., (2014) 
• Screen: Elberse & Eliashberg (2003); Reinstein & 
Snyder (2005) 
• Revenue of first week: Sawhney & Eliashberg (1996) 
• Release date: Elberse & Eliashberg (2003); Ghiassi et al. 
(2015); Krider & Weinberg (1998) 
• Postrelease e-WOM: Basuroy et al. (2003); 
Boatwright et al. (2007); Duan & Whinston 
(2008); Liu, (2006);  
• Expert review: Basuroy et al., 2003; Shugan & 
Eliashberg, 1997; Reinsteinn & Snyder (2005) 
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Table 3 Approaches and Tools of Text Analysis 
Approach Common tools  Marketing examples 
Entity (word) extraction: 
Extracting and identifying 
a single word/ n-gram 
 
• Dictionaries and Lexicons (e.g., LIWC); 
• Linguistic-based natural language processing 
tools; 
• Machine learning classification tools 
 
• Crowdfunding project descriptions 
(Parhankangas and Renko, 2017) ; 
• Loan default (Netzer et al., 2019)  
 
Topic extraction: 
Extracting the topic 
discussed in the text 
 
• LSA (latent semantic analysis); 
• LDA (latent Dirichlet allocation); 
• PF (Poisson factorization) 
 
• Analyze online user-generated airline 
reviews to understand customer satisfaction 
(Sezgen et al., 2019); 
• Extract features of psychological themes 
from movie descriptions (Toubia et al., 
2019) 
Relation extraction: 
Extracting and identifying 
relationships among words 
 
• Supervised machine learning; 
• Deep learning; 
• Sandford sentence; 
• Grammatical dependency parser 
 
• Netzer et al. (2012) 
• Toubia & Netzer (2017) 
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Length of message 
The number of videos 
The specified amount a creator requests for the initiated 
project 
The specified amount funded by backers 
The number of backers fund the project 
The average amount per backer contributes for a 
particular project; calculated by the total amount a 
project raises divided by the number of total backers 
The specified days for fundraising 
The number of characters in the project description 












Table 5 Summary of Descriptive Statistics 
Variables 
(Unit) 
Total sample (1559) Successful (621) Unsuccessful (938) 



























5041.604 0 97755.5 
The number 
of backers 
74.15 308.371 0 8394 169.19 470.382 1 8394 41.957 11.22 0 823 
Average 
fund 










3220.797 0 28883 4282.09 3522.982 0 22616 2308.6
0 
2735.535 0 28883 
Video usage 
rate (%) 



















Action 76 4.9 17 22.37 Music Videos 62 4.0 15 24.19 
Animation 143 9.2 54 37.76 Narrative Film 90 5.8 90 100 
Comedy 365 23.4 157 43.01 Romance 14 .9 3 21.43 
Drama 210 13.5 70 33.33 Science Fiction 76 4.9 27 35.53 
Family 45 2.9 5 11.11 Television 138 8.9 26 18.84 
Horror 156 10.0 59 37.82 Thrillers 97 6.2 27 27.84 
Movie 
Theaters 
22 1.4 6 27.27 Web series 65 4.2 65 100 
Total 1559 100.0        














Table 7 Top 100 High Frequency Words in Movie Projects 
Rank Root Rank Root Rank Root Rank Root Rank Root 
1 film 21 charact 41 budget  61 american 81 voic 
2 story 22 crew  42 donat 62 contribut 82 expens 
3 produc 23 friend 43 feel 63 major 83 struggl  
4 time 24 day 44 commun  64 content  84 dollar 
5 short  25 bring  45 citi 65 post  85 sign  
6 movi  26 actor 46 write  66 lead  86 fan 
7 creat 27 rais 47 final 67 offer  87 week  
8 love  28 sound 48 edit  68 prop  88 left  
9 video 29 episod 49 special 69 women  89 concept 
10 peopl 30 comedi 50 social 70 written  90 hit  
11 fund  31 play  51 pay 71 game 91 win  
12 include 32 school 52 product  72 provid 92 relationship 
13 anim  33 artist 53 receiv 73 uniqu 93 amount  
14 goal  34 share 54 lot 74 free  94 classic 
15 music 35 shoot 55 passion  75 record  95 month 
16 featur  36 complet  56 shot 76 opportun 96 execut 
17 live 37 origin 57 move  77 journey  97 ship 
18 seri 38 talent 58 help  78 age 98 drama 
19 set  39 media 59 profession 79 read  99 moment 




Table 8 Top 100 High Frequency Words in Successful Movie Projects 
Rank Root Rank Root Rank Root Rank Root Rank Root 
1 festiv 21 student 41 studi 61 grow 81 narr 
2 director 22 screen 42 space 62 favorit 82 class 
3 art 23 role 43 graduat 63 star 83 theme 
4 kickstart 24 pledg 44 angel 64 premier 84 costum 
5 design 25 backer 45 photographi 65 follow 85 appear 
6 reward 26 writer 46 check 66 career 86 histori 
7 campaign 27 season 47 cool 67 documentari 87 editor 
8 filmmak 28 project 48 color 68 come 88 print 
9 cost 29 amaz 49 cultur 69 dvd 89 compos 
10 direct 30 addit 50 stage 70 parti 90 illustr 
11 perform 31 act 51 fee 71 hollywood 91 run 
12 univers 32 credit 52 assist 72 hour 92 word 
13 scene 33 stretch 53 collabor 73 updat 93 awesom 
14 excit 34 theatr 54 web 74 cinematograph 94 chanc 
15 award 35 visual 55 improv 75 onlin 95 born 
16 finish 36 digit 56 commerci 76 postproduct 96 tell 
17 releas 37 process 57 gener 77 countri 97 dog 
18 york 38 join 58 explor 78 score 98 wait 
19 creative 39 level 59 support 79 piec 99 exclus 




Table 9 Top 100 High Frequency Words in Unsuccessful Movie Projects 
Rank Root Rank Root Rank Root Rank Root Rank Root 
1 facebook 21 travel 41 cover 61 minut 81 guy 
2 start 22 inspir 42 effect 62 job 82 war 
3 famili 23 develop 43 happen 63 poster 83 brother 
4 hope 24 audienc 44 power 64 main 84 street 
5 tv 25 meet 45 independ 65 fight 85 fall 
6 base 26 televis 46 mind 66 hous 86 vision 
7 script 27 pilot 47 song 67 top 87 trailer 
8 dream 28 kid 48 take 68 question 88 challeng 
9 plan 29 success 49 hand 69 father 89 leav 
10 studio 30 youtub 50 true 70 browser 90 woman 
11 horror 31 realiti 51 futur 71 view 91 coupl 
12 person 32 night 52 decid 72 soundplay 92 mother 
13 entertain 33 black 53 capabl 73 style 93 adventur 
14 camera 34 event 54 hard 74 screenplay 94 channel 
15 learn 35 industri 55 town 75 comic 95 eye 
16 call 36 danc 56 action 76 god 96 save 
17 children 37 dark 57 readi 77 form 97 understand 
18 idea 38 girl 58 chang 78 enjoy 98 step 
19 light 39 pictur 59 involv 79 heart 99 return 




Table 10 Top 100 High Frequency Words in Successful Animation Movie Projects 
Rank Root Rank Root Rank Root Rank Root Rank Root 
1 kickstart 21 tv 41 zunko 61 marriag 81 budget 
2 love 22 game 42 stream 62 gener 82 tshirt 
3 art 23 season 43 idea 63 audienc 83 motion 
4 design 24 artist 44 dream 64 build 84 commun 
5 backer 25 direct 45 process 65 lot 85 excit 
6 director 26 famili 46 stretch 66 support 86 incred 
7 scene 27 pledg 47 tier 67 write 87 paint 
8 campaign 28 cgi 48 hair 68 move 88 version 
9 dog 29 song 49 compos 69 histori 89 christian 
10 origin 30 cartoon 50 space 70 perform 90 industri 
11 pilgrim 31 meet 51 success 71 updat 91 theme 
12 progress 32 storyboard 52 provid 72 hand 92 visual 
13 sign 33 illustr 53 level 73 comic 93 role 
14 featur 34 black 54 free 74 join 94 donat 
15 set 35 univers 55 mission 75 pay 95 test 
16 finish 36 realiti 56 pocket 76 major 96 draw 
17 releas 37 presid 57 addit 77 rais 97 girl 
18 festiv 38 script 58 pictur 78 background 98 print 
19 special 39 concept 59 play 79 light 99 english 




Table 11 Top 100 High Frequency Words in Unsuccessful Animation Movie Projects 
Rank Root Rank Root Rank Root Rank Root Rank Root 
1 studio 21 flip 41 puppet 61 chang 81 gener 
2 people 22 audienc 42 media 62 boy 82 budget 
3 coffe 23 children 43 trailer 63 decid 83 roast 
4 movi 24 event 44 comedi 64 fill 84 cover 
5 book 25 commun 45 amaz 65 frame 85 picture 
6 final 26 youtub 46 effect 66 color 86 tradit 
7 start 27 continu 47 lot 67 free 87 custom 
8 friend 28 move 48 enjoy 68 happen 88 expand 
9 base 29 product 49 inspir 69 ship 89 hire 
10 soundplay 30 actor 50 stopmot 70 brother 90 draw 
11 browser 31 learn 51 eeve 71 exclus 91 understand 
12 kid 32 mysteri 52 transport 72 director 92 motion 
13 cyberboy 33 adventur 53 pledg 73 heart 93 contribut 
14 minut 34 citi 54 top 74 check 94 abil 
15 school 35 main 55 month 75 play 95 perform 
16 power 36 american 56 campaign 76 mind 96 write 
17 pilot 37 social 57 content 77 televis 97 choos 
18 hand 38 light 58 dream 78 view 98 comput 
19 rais 39 entertain 59 disney 79 concept 99 rememb 




Table 12 Top 100 High Frequency Words in Successful Comedy Movie Projects 
Rank Root Rank Root Rank Root Rank Root Rank Root 
1 festiv 21 artist 41 award 61 humor 81 digit 
2 kickstart 22 level 42 ship 62 funni 82 releas 
3 perform 23 filmmak 43 screen 63 talk 83 act 
4 theater 24 campaign 44 favorit 64 print 84 color 
5 reward 25 product 45 project 65 star 85 televis 
6 director 26 commun 46 program 66 edit 86 expens 
7 improv 27 origin 47 stretch 67 record 87 develop 
8 design 28 light 48 backer 68 laugh 88 contribut 
9 school 29 event 49 adventur 69 call 89 town 
10 writer 30 written 50 success 70 finish 90 venu 
11 theatr 31 scene 51 join 71 receiv 91 hollywood 
12 univers 32 amaze 52 cover 72 women 92 west 
13 direct 33 locat 53 special 73 learn 93 hour 
14 excit 34 student 54 costum 74 fee 94 comed 
15 pledg 35 demon 55 angel 75 class 95 prop 
16 space 36 hunter 56 graduat 76 credit 96 offer 
17 base 37 sketch 57 read 77 inspir 97 shot 
18 final 38 creativ 58 happen 78 free 98 opportun 
19 season 39 role 59 addit 79 local  99 web 




Table 13 Top 100 High Frequency Words in Unsuccessful Comedy Movie Projects 
Rank Root Rank Root Rank Root Rank Root Rank Root 
1 bring 11 entertain 21 receiv 31 inspir 41 hand 
2 start 12 feel 22 laugh 32 song 42 travel 
3 idea 13 social 23 job 33 anim 43 camera 
4 episod 14 lot 24 edit 34 happen 44 town 
5 pay 15 complet 25 humor 35 hard 45 sign 
6 script 16 guy 26 youtub 36 contribut 46 costum 
7 comedian 17 night 27 realiti 37 special 47 finish 
8 women 18 help 28 tv 38 success 48 color 
9 plan 19 local 29 read 39 shot 49 call 




Table 14 Top 100 High Frequency Words in Successful Drama Movie Projects 
Rank Root Rank Root Rank Root Rank Root Rank Root 
1 festiv 21 lot 41 age 61 connect 81 journey 
2 director 22 York 42 take 62 left 82 narr 
3 crew 23 finish 43 beauty 63 origin 83 craft 
4 art 24 share 44 televise 64 mother 84 profession 
5 feel 25 receiv 45 post 65 women 85 futur 
6 design 26 visual 46 releas 66 involv 86 stage 
7 music 27 hard 47 collabor 67 citi 87 incred 
8 sound 28 studi 48 contribut 68 move 88 postproduct 
9 scene 29 process 49 creativ 69 come 89 travel 
10 passion 30 donat 50 theater 70 pursu 90 close 
11 excit 31 meet 51 continu 71 parent 91 follow 
12 univers 32 explor 52 color 72 premier 92 run 
13 camera 33 zeke 53 loss 73 bowl 93 happen 
14 award 34 realiti 54 angel 74 pictur 94 lead 
15 final 35 shot 55 girl 75 assist 95 senior 
16 student 36 campaign 56 challeng 76 understand 96 edit 
17 photographi 37 product 57 perform 77 idea 97 war 
18 media 38 grow 58 special 78 studio 98 opportun 
19 graduat 39 cinematograph 59 addit 79 major 99 question 




Table 15 Top 100 High Frequency Words in Unsuccessful Drama Movie Projects 
Rank Root Rank Root Rank Root Rank Root Rank Root 
1 featur 21 move 41 casey 61 deal 81 amaz 
2 bring 22 mother 42 south 62 awar 82 dollar 
3 start 23 role 43 discov 63 son 83 coupl 
4 dream 24 pay 44 town 64 uniqu 84 commerce 
5 script 25 develop 45 involve 65 travel 85 profession 
6 commun 26 american 46 episod 66 tell 86 screenwrit 
7 write 27 act 47 event 67 career 87 pledg 
8 budget 28 children 48 suffer 68 addict 88 watch 
9 facebook 29 girl 49 marlin 69 industri 89 strong 
10 seri 30 idea 50 boy 70 credit 90 top 
11 local 31 left 51 black 71 major 91 happen 
12 learn 32 edit 52 read 72 realiz 92 journey 
13 father 33 cultur 53 kid 73 eye 93 releas 
14 call 34 success 54 vision 74 opportun 94 power 
15 artist 35 diseas 55 polic 75 offer 95 close 
16 inspir 36 citi 56 job 76 brother 96 voic 
17 lead 37 god 57 cover 77 pilot 97 lost 
18 relathionship 38 decid 58 level 78 main 98 name 
19 abus 39 written 59 kill 79 hard 99 step 
20 screenplay 40 heart 60 connect 80 issu 100 explor 
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Table 16 Top 50 High Frequency Words in Successful Horror Movie Projects 
Rank Root Rank Root Rank Root Rank Root Rank Root 
1 festiv 11 credit 21 act 31 parti 41 dream 
2 goal 12 award 22 share 32 dvd 42 help 
3 artist 13 role 23 backer 33 assis 43 demon 
4 prop 14 excit 24 American 34 shot 44 poster 
5 peopl 15 cost 25 inspire 35 photographi 45 score 
6 cool 16 zombi 26 black 36 receiv 46 join 
7 makeup 17 classic 27 pledg 37 visual 47 theater 
8 play 18 blood 28 screen 38 favorit 48 person 
9 ghost 19 lovecraft 29 amaz 39 check 49 califonia 













Table 17 Top 50 High Frequency Words in Unsuccessful Horror Movie Projects 
Rank Root Rank Root Rank Root Rank Root Rank Root 
1 anim 11 monster 21 light 31 uniqu 41 scari 
2 video 12 product 22 plan 32 post 42 creativ 
3 locat 13 girl 23 pay 33 entertain 43 expens 
4 dark 14 final 24 scene 34 Halloween 44 youtub 
5 shoot 15 episode 25 donat 35 creatur 45 passion 
6 budget 16 independ 26 dead 36 trailer 46 seek 
7 seri 17 hope 27 killer 37 addit 47 view 
8 town 18 script 28 edit 38 screenplay 48 pumpkin 
9 base 19 call 29 project 39 industry 49 fear 













Table 18 Comparison of 93 Variables Estimates from LIWC 
Variables Total sample 
(1559) 
S.D. 
Successful (621) Unsuccessful (938) 
significant  
Word count 525.70 531.895 724.07 394.37 .000 *** 
Analytical thinking 82.8738 14.37315 84.7141 81.6555 .000 *** 
Clout 77.9518 17.33540 81.0173 75.9223 .000 *** 
Authentic 19.3694 18.25352 17.5460 20.5766 .001 ** 
Emotional tone 71.0183 26.47587 76.3995 67.4557 .000 *** 
Words/sentence 23.4818 11.96265 23.7425 23.3092 .484  
Words>6 letters 20.9553 5.53633 21.9097 20.3234 .000 *** 
Dictionary words 80.1538 10.87069 79.3263 80.7017 .014 * 
Total function words 45.3008 7.77514 44.3769 45.9125 .000  
Total pronouns 10.5517 3.85043 10.2524 10.7498 .012 * 
Personal pronouns 6.5750 2.87006 6.4803 6.6377 .289  
1 st pers singular 1.4955 2.27117 1.1333 1.7352 .000 *** 
1 st pers plural 2.1334 2.10316 2.4488 1.9246 .000 *** 
2nd person 1.1177 1.44869 1.1392 1.1035 .635  
3rd pers singular 1.2376 1.86614 1.2665 1.2184 .618  
3rd pers plural .5907 .80026 .4921 .6560 .000 *** 
Impersonal pronouns 3.9720 1.92250 3.7683 4.1069 .001 ** 
articles 7.6716 2.56489 7.5197 7.7722 .057  
prep 13.6785 2.70170 13.6731 13.6821 .949  
auxiliary verbs 6.7848 2.43586 6.4143 7.0302 .000 *** 
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common adverbs 2.9445 1.48455 2.9420 2.9462 .957  
conj 5.6175 1.84259 5.5933 5.6335 .673  
negations .6501 .68414 .6164 .6724 .114  
common verbs 12.9023 3.77404 12.2380 13.3421 .000 *** 
adj 4.5772 1.77368 4.7899 4.4364 .000 *** 
comparisons 2.0295 1.14523 2.1105 1.9759 .023 * 
interrogatives 1.0935 .83486 1.0821 1.1011 .659  
numbers 3.6528 9.93960 3.0938 4.0229 .071  
quantifiers 2.1712 1.26310 2.2475 2.1206 .052  
affective processes 5.3267 2.39088 5.3884 5.2859 .408  
positive emotion 4.1019 2.10498 4.2806 3.9836 .006 ** 
negative emotion 1.1673 1.23732 1.0519 1.2437 .003 ** 
anxiety .2737 .49654 .2711 .2754 .868  
anger .3369 .64614 .2758 .3773 .002 ** 
sad .2106 .39803 .1998 .2178 .382  
social process 9.8421 3.93515 9.8773 9.8188 .774  
family .3576 .68646 .3130 .3871 .037 * 
friend .4217 .53620 .4340 .4135 .461  
female references .6971 1.46239 .7416 .6677 .329  
male 1.0897 1.70102 1.0130 1.1405 .147  
cognitive processes 8.6261 3.05662 8.3825 8.7874 .010 * 
insight 1.5723 1.05821 1.4614 1.6458 .001 ** 
causation 2.2273 1.27172 2.2176 2.2337 .806  
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discrepancy 1.1847 .98734 1.0751 1.2572 .000 *** 
tentative 1.6690 1.21350 1.6809 1.6612 .754  
certainty 1.2284 .87727 1.2268 1.2295 .953  
differentiation 1.6575 1.20030 1.6122 1.6875 .226  
perceptual process 2.5506 1.84448 2.4587 2.6115 .109  
see 1.4310 1.20979 1.3203 1.5042 .003  
hear .6284 1.01216 .6205 .6336 .804  
feel .3315 .49161 .3344 .3296 .850  
biological processes 1.4471 1.26116 1.3856 1.4878 .117  
body .3300 .50703 .3157 .3394 .367  
health .5715 .76862 .5093 .6126 .009 ** 
sexual .1414 .31231 .1652 .1256 .014 ** 
ingestion .2646 .59829 .2665 .2633 .919  
drives 9.5999 3.57354 10.0572 9.2971 .000 *** 
affiliation 4.1526 2.64565 4.4825 3.9342 .000 *** 
achieve 2.3178 1.70558 2.4487 2.2312 .014 * 
power 2.6604 1.41817 2.7214 2.6201 .168  
reward 1.6154 1.26841 1.7119 1.5515 .015 ** 
risk .3209 .47799 .3073 .3299 .361  
focuspast 2.1595 1.55712 2.1948 2.1360 .466  
focuspresent 9.0402 3.00857 8.6465 9.3009 .000 *** 
focusfuture 1.5947 1.12735 1.4628 1.6819 .000 *** 
relativity 12.1932 3.73029 12.5863 11.9329 .001 ** 
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motion 1.7737 1.13510 1.7227 1.8075 .149  
space 6.4219 2.31068 6.6751 6.2542 .000 *** 
time 4.0815 1.96699 4.2557 3.9661 .004 ** 
work 4.2800 2.59045 4.6385 4.0427 .000 *** 
leisure 3.8437 2.32890 3.9605 3.7664 .107  
home .3939 .59861 .3582 .4175 .055  
money 1.4573 1.45170 1.4108 1.4881 .304  
relig .2589 .66208 .2041 .2952 .008 ** 
death .2037 .47577 .1748 .2229 .051  
informal .5031 .75018 .4721 .5237 .184  
swear words .0583 .24479 .0497 .0640 .260  
netspeak .2138 .51364 .1980 .2243 .322  
assent .0874 .32052 .0926 .0838 .596  
nonfluencies .1308 .25051 .1215 .1370 .231  
filler .0027 .03651 .0026 .0028 .913  
AllPunc 17.1442 6.95987 18.7716 16.0668 .000 *** 
Period 5.2550 2.50432 5.0449 5.3940 .007 ** 
Comma 4.7425 2.44143 5.2754 4.3897 .000 ** 
Colon .5359 1.04168 .6264 .4759 .005 ** 
SemiC .1763 .42227 .2034 .1583 .039 * 
QMark .2366 .50544 .2770 .2098 .010 * 
Exclam .7830 2.43117 .9927 .6442 .006 ** 
Dash 1.2559 2.44157 1.5414 1.0670 .000 *** 
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Quote .8013 1.30300 .8769 .7513 .062  
Apostro 1.3878 1.18944 1.5877 1.2555 .000 *** 
Parenth .8131 1.17562 1.0725 .6413 .000 *** 
OtherP 1.1567 2.06349 1.2729 1.0798 .000 *** 





Table 19 Category of Components 
Order Component Variable Example Order Component Variable Example 
1 rational 
style 
analytical thinking - 5 social 
reference 
3rd person singular she, her, him 
total function words it, to, no, very family daughter, dad, aunt 
total pronouns I, them, itself female references girl, her, mom 
personal pronouns I, them, her male references boy, his, dad 
impersonal pronouns it, it’s, those 6 descriptive 
words 
word/ sentence - 
auxiliary verbs am, will, have words > 6 letters - 
negations no, not, never prep to, with, above 
common adverbs very, really adj free, happy, long 
common verbs eat, come, carry comparisons greater, best, after 
cognitive processes cause, know, ought numbers second, thousand 
discrepancy should, would 7 informal 
language 
affective processes happy, cried 
tentative maybe, perhaps positive emotion love, nice, sweet 
differentiation hasn’t, but, else feel feels, touch 
2 social 
influence 
clout - informal language - 
1st person plural we, us, our swear words fuck, damn, shit 
social process mate, talk, they netspeak btw, lol, thx 
drives - assent - 
affiliation ally, friend, social 8 readability all Punctuation - 
3 negative 
emotion 
emotional tone - comma - 
negative emotion hurt, ugly, nasty dashes - 
anxiety worried, fearful apostrophes - 
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anger hate, kill, annoyed parentheses - 
sadness crying, grief, sad other punctuation - 
risk danger, doubt 9 incentive achievement win, success, better 
death bury, coffin, kill reward take, prize, benefit 
4 relativity authentic - work job, majors, xerox 
relativity  10 perceptual 
process 
perceptual process look, heard, feeling 
motion Arrive, car, go see view, saw, seen 
space down, in thin hear listen, hearing 














Table 20 Definitions of the Variables 
Variables Type and unit Definition 
Dependent variables   
Success or failure 
Average fund 
Dummy coded 
Ratio variable; USD 
1 if a project succeeds and 0 otherwise 
The average amount per backer contributes for a particular project; calculated by 
























Factor scores of the component labeled as “Rational style” 
Factor scores of the component labeled as “Social influence” 
Factor scores of the component labeled as “Negative emotion” 
Factor scores of the component labeled as “Relativity” 
Factor scores of the component labeled as “Social reference” 
Factor scores of the component labeled as “Descriptive words” 
Factor scores of the component labeled as “Information language” 
Factor scores of the component labeled as “Readability” 
Factor scores of the component labeled as “Incentive” 






The number of videos 
 
Ratio variable; USD 





The specified amount a creator requests for the initiated project 
The specified days for fundraising 
The number of words in the project description 
The genre of movie 





















count IV1 IV2 IV3 IV4 IV5 IV6 IV7 IV8 IV9 IV10 
Success 1 .255** .083** .225** -.048 -.255** .304** -.094** .095** -.081** .009 .016 .122** -.032 .203** .080** -.068** 
Average 
fund 
.255** 1 .012 .153** -.020 -.025 .149** -.061* .064* -.048 .003 .052* .016 .027 .125** .013 -.051* 
Movie 
genre 
.083** .012 1 .044 .042 -.029 .080** -.088** .083** .008 .022 -.001 .024 -.112** .029 -.015 .053* 
# of 
video 
.225** .153** .044 1 -.074** -.078** .246** -.113** .097** -.060* -.009 .006 .082** -.042 .185** .028 .050 
Request 
amount 
-.048 -.020 .042 -.074** 1 .072** -.028 .030 -.021 .007 .015 -.019 .013 .005 -.027 -.008 -.016 
Project 
duration 
-.255** -.025 -.029 -.078** .072** 1 -.073** -.036 .048 .064* .025 -.017 -.072** .056* -.072** .013 .008 
Word 
count 
.304** .149** .080** .246** -.028 -.073** 1 -.106** .008 -.068** .020 .101** .210** -.068** .272** .058* -.044 
IV1 -.094** -.061* -.088** -.113** .030 -.036 -.106** 1 .000 .000 .000 .000 .000 .000 .000 .000 .000 
IV2 .095** .064* .083** .097** -.021 .048 .008 .000 1 .000 .000 .000 .000 .000 .000 .000 .000 
IV3 -.081** -.048 .008 -.060* .007 .064* -.068** .000 .000 1 .000 .000 .000 .000 .000 .000 .000 
IV4 .009 .003 .022 -.009 .015 .025 .020 .000 .000 .000 1 .000 .000 .000 .000 .000 .000 
IV5 .016 .052* -.001 .006 -.019 -.017 .101** .000 .000 .000 .000 1 .000 .000 .000 .000 .000 
IV6 .122** .016 .024 .082** .013 -.072** .210** .000 .000 .000 .000 .000 1 .000 .000 .000 .000 
IV7 -.032 .027 -.112** -.042 .005 .056* -.068** .000 .000 .000 .000 .000 .000 1 .000 .000 .000 
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IV8 .203** .125** .029 .185** -.027 -.072** .272** .000 .000 .000 .000 .000 .000 .000 1 .000 .000 
IV9 .080** .013 -.015 .028 -.008 .013 .058* .000 .000 .000 .000 .000 .000 .000 .000 1 .000 
IV10 -.068** -.051* .053* .050 -.016 .008 -.044 .000 .000 .000 .000 .000 .000 .000 .000 .000 1 
**. Correlation is significant at the 0.01 level (2-tailed). 







Table 22 Multicollinearity Check 
Dependent variable: success=1, failed=0 Dependent variable: average fund 
Variables Collinearity 
tolerance 
Statistics VIF Variables Collinearity 
tolerance 
Statistics VIF 
Movie genre .961 1.040 Movie genre .961 1.040 
# of video .892 1.121 # of video .892 1.121 
Project goal .985 1.015 Project goal .985 1.015 
Project duration .968 1.033 Project duration .968 1.033 
Word count .815 1.227 Word count .815 1.227 
IV1 .968 1.033 IV1 .968 1.033 
IV2 .979 1.021 IV2 .979 1.021 
IV3 .989 1.012 IV3 .989 1.012 
IV4 .998 1.002 IV4 .998 1.002 
IV5 .987 1.013 IV5 .987 1.013 
IV6 .944 1.059 IV6 .944 1.059 
IV7 .980 1.021 IV7 .980 1.021 
IV8 .901 1.110 IV8 .901 1.110 
IV9 .995 1.005 IV9 .995 1.005 
IV10 .991 1.010 IV10 .991 1.010 
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1  𝑀𝑜𝑑𝑒𝑙𝑤𝑟𝑖𝑡𝑖𝑛𝑔 𝑠𝑡𝑦𝑙𝑒𝑠
+𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑠
1  
 DV: Success or failure 
Rational style -.181** --- -.190** 
Social influence .232** --- .237** 
Negative emotion -.187** --- -.092 
Relativity .069 --- .041 
Social reference .051 --- -.086 
Descriptive words .335** --- .154** 
Informal language -.080 --- .016 
Readability .488** --- .302** 
Incentive .237** --- .201** 
Perception -.147** --- -.187** 
Movie genre --- .038** .033** 
The number of 
videos 
--- .965** .832** 
Requested amount --- .000** .000** 
Project duration --- -.040** -.041** 
Word count --- .002** .001** 
Constant -.471** -.600** -.335 
      
 
𝑃(𝑐ℎ𝑖2) <  .05 
 𝑁𝑎𝑔𝑒𝑙𝑘𝑒𝑟𝑘𝑒 𝑅2
= .131 
  Dev = 1937.592 
𝑃(𝑐ℎ𝑖2) <  .05 
𝑁𝑎𝑔𝑒𝑙𝑘𝑒𝑟𝑘𝑒 𝑅2
= .323 
  Dev = 1671.127 
𝑃(𝑐ℎ𝑖2) <  .05 
𝑁𝑎𝑔𝑒𝑙𝑘𝑒𝑟𝑘𝑒 𝑅2
= .365 
  Dev = 1606.243 






Table 24 The Effects of Writing Styles on the Average Fund Per Backer 
 𝑀𝑜𝑑𝑒𝑙𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒
2  𝑀𝑜𝑑𝑒𝑙2 
 DV: The average fund per backer 
Rational style -7.755** -5.009 
Social influence 8.122** 6.751** 
Negative emotion -6.071 -4.378 
Relativity .376 .305 
Social reference 6.661** 5.357 
Descriptive words 1.988 -1.675 
Informal language 3.443 4.826 
Readability 15.834** 10.024** 
Incentive 1.606 .542 
Perception -6.494** -6.642** 
Movie genre --- -.095 
The number of videos --- 33.276** 
Requested amount --- -1.245E-7 
Project duration --- -.077 
Word count --- .022** 
Constant 73.345** 38.864** 
      
 




Table 25 Results by Movie Genre 
  Rational style 
Negative 
emotion 






coeff   .73    
z   1.98    
p   .0475**    
Comedy 
coeff -.3640    .52  
z -3.0694    3.24  
p .0021***    .0012***  
Horror 
coeff   -.3754   .3955 
z   -2.0315   1.7490 
p   .0422**   .0803* 
Music 
Video 
coeff  -1.5190     
z  -1.9204     
p  .0548*     
Thriller 
coeff    -.4704   
z    -1.7226   









 Table 26 Confusion Matrix  
 
  
2017 data 2019 data 
Predicted 
negative 
(0 = failure) 
Predicted 
positive 
(1 = success) 
Predicted 
negative 
(0 = failure) 
Predicted 
positive 
(1 = success) 
Actual 
negative 
(0 = failure) 
72.96 27.04 3.88 96.12 
Actual 
positive 
(1 = success) 
 






Table 27 Comparison of Unsuccessful Project Case Estimates From LIWC 
Components Variables Successful (%) Unsuccessful (%) 
Example of unsuccessful 
projects (%) 
Rational style 
cognitive process 8.38 8.79 9.36 
impersonal pronouns 3.77 4.11 4.04 
auxiliary verbs 6.41 7.03 9.36 
discrepancy 1.08 1.26 1.28 
Social influence 
clout 81.02 75.92 54.25 
1st person plural 2.45 1.92 2.13 
drive 10.06 9.30 7.23 
affiliation 4.48 3.93 2.77 
Descriptive words 
words > 6 letters 21.91 20.32 14.89 
adjectives 4.79 4.44 3.19 
comparisons 2.11 1.98 0.85 
Readability all punctuation 18.77 16.07 13.19 
Incentive 
achievement  2.45 2.23 2.13 
work 4.64 4.04 2.13 
Perception 
perceptual process 2.46 2.61 4.26 
see 1.32 1.50 3.40 
Others 
positive emotion 4.28 3.98 3.40 
1st person singular 1.13 1.74 4.26 
Focus present 8.65 9.30 11.49 
Focus future 1.46 1.68 3.19 
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Table 28 Comparison of successful project case estimates from LIWC 
Components Variables Successful (%) Unsuccessful (%) 
Example of unsuccessful 
projects (%) 
Rational style 
cognitive process 8.38 8.79 7.16 
impersonal pronouns 3.77 4.11 3.10 
personal pronouns 6.48 6.64 6.13 
total pronouns 10.25 10.75 9.23 
auxiliary verbs 6.41 7.03 5.17 
discrepancy 1.08 1.26 0.69 
Social influence 
clout 81.02 75.92 91.68 
1st person plural 2.45 1.92 3.10 
social process 9.88 9.82 11.91 
drive 10.06 9.30 13.02 
affiliation 4.48 3.93 6.34 
Relativity space 6.68 6.25 6.40 
Descriptive words 
words > 6 letters 21.91 20.32 24.66 
adjectives 4.79 4.44 5.92 
comparisons 2.11 1.98 2.34 
Readability all punctuation 18.77 16.07 19.97 
Incentive 
achievement  2.45 2.23 4.06 
reward 1.71 1.55 2.55 
work 4.64 4.04 5.99 
Perception perceptual process 2.46 2.61 1.58 
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see 1.32 1.50 0.96 
hear 0.62 0.63 0.28 
Others 
emotional tone 76.40 67.46 98.82 
positive emotion 4.28 3.98 6.89 
1st person singular 1.13 1.74 0.41 
Focus present 8.65 9.30 7.23 
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